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Abstract: Chaotic neuron is a neural model based on chaos theory, which combines the complex dynamic behavior of
biological neurons with the characteristics of chaotic systems. Inspired by the chaotic firing characteristics of biological neurons,
a novel chaotic neuron model and its response activation function LMCU are proposed in this paper. Based on one-dimensional
chaotic mapping, this chaotic neuron model takes the emissivity of chaotic firing characteristics of biological neurons as its
response output, so that it has the nonlinear response and chaotic characteristics of biological neurons. Different from the
traditional neuron model, it makes full use of the nonlinear dynamics of the chaotic system to achieve the activation output. In
this paper, we apply the proposed chaotic neurons to artificial neural networks by using LeNet-5 models on MNIST and CIFAR-
10 datasets, and compare them with common activation functions. The application of chaotic neurons can effectively reduce the
overfitting phenomenon of artificial neural network, significantly reduce the generalization error of the model, and greatly
improve the overall performance of artificial neural network. The innovative design of this chaotic neuron model provides a new
cornerstone for the future development of artificial neural networks.
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1.

Artificial neural network [1-2] processes external data by
imitating the connection structure and stimulus response
mechanism of human brain, in which the activation function
of artificial neurons acts on data to simulate the processing of
electrical signals by biological neurons [3]. In biological
neuronal response, activation function can realize nonlinear
transformation, provide information transfer and processing
capabilities, and have adjust ability. These characteristics
enable the activation function to better simulate and
approximate the response of biological neurons, but there is
still a huge difference between the artificial neuron model and
the biological neuron model. The former is a high
simplification of the response characteristics of the latter and
lacks the authenticity of biological response [4]. While one of
the most interesting properties of the brain is its ability to
display chaos [5], to take full advantage of the human brain's
excellent learning capabilities, many researchers have
designed biologically inspired algorithms and network
architectures. The model based on chaotic neurons is a
valuable neural network because its chaotic behavior has the
characteristics of chaotic brain.

In a theoretical explanation of memory coding in the brain,
Freeman, Kozma, and their team developed a chaotic model
to explain the process of remembering smells [6,7,8]. Tsuda
et al. also studied chaotic neural networks as generators of
short-term memory and dynamic linkage of long-term
memory [9,10]. Kaneko explored the dynamics of globally
coupled chaotic graphs, showing that these networks [11,12].
In the study of classification problems, Harikrishnan et al
proposed ChaosNet, a new artificial neural network
architecture for classification tasks based on chaos, in 2019
[13]. In a follow-up study, Harikrishnan et al. extracted four
"neural chaos" features from neurons in the ChaosNet
structure [13], which were used to train a linear classifier for
a support vector machine. This hybrid approach produces
superior performance under a low training sample regime on
synthetically generated and real-world datasets [14]. In the
following experimental study, Sethi et al. emphasized the
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performance comparison between ChaosNet learning
algorithm and classical ML algorithm in learning in limited
training examples [15]. In the latest study, Remya et al.
proposed for the first time that two extended ChaosNet's
heterogeneous neuronal structures are one step closer to the
brain [16]. However, in the study of classification problems,
researchers only combine the primitive characteristics of
chaotic firing of biological neurons with machine learning
algorithms for experimental research. However, artificial
neural network is prone to overfitting and poor generalization
ability in practical classification problems because of various
complex factors such as model parameter design and
overtraining. Activation function is an important part of
artificial neurons. Many researchers have proposed many
improved schemes for activation function to improve the
ability of preventing overfitting and model generalization in
actual training process. In 2010, Hinton proposed relu [17] as
an activation function for the first time. Later,
LeakyReLU[18], ELU[19],Swish[20], Maxout[21], Mish[22]
and other activation functions were proposed to improve the
limitations of traditional ReLU functions. They have certain
advantages and effects in preventing overfitting and
improving model generalization ability. In China, some
researchers have proposed Xwish[23], S-Relu[24], RELU-
XEX][25] activation functions, which effectively reduce the
"neuronal necrosis" of relu. Even though the newly proposed
oscillatory activation function [26] has biological inspiration,
these improved activation function curves are basically
smooth, derivable, and obviously without spikes, which are
only highly simplified responses of biological neurons,
lacking the chaotic response characteristics of biological
neurons.

Therefore, inspired by the chaotic discharge characteristics
of biological neurons, this paper proposes a novel chaotic
neuron and its activation function with chaotic response
characteristics of biological neurons. Based on one-
dimensional chaotic mapping, this chaotic neuron adds
chaotic characteristics to the response output process of
artificial neurons, and takes the emissivity of chaotic
discharge characteristics of biological neurons as its response



output. Different from the traditional neuron model, it uses
the nonlinear dynamics of chaotic system to realize the
activation response output. This transformation process
realizes the chaotic response output of artificial neurons for
the first time, which provides a new cornerstone for the
development of artificial neural networks in the future. In this
paper, it is applied to artificial neural networks. In comparison
with other common activation functions, LeNet-5 model is
used on data sets MNIST and CIFAR-10, and it is found that
the use of chaotic neurons can effectively inhibit the
overfitting of artificial neural networks and greatly reduce the
generalization error of the model. The overall performance of
artificial neural network is improved. Compared with the
mainstream anti-overfitting methods, the proposed chaotic
neuron and its activation function reduce the dependence of
artificial neural networks on the mainstream anti-overfitting
methods, thus improving the efficiency of model training.

2. Background

2.1. Biological Neurons

A biological neuron is the fundamental unit of the human
brain. It receives input signals from other neurons through
dendrites, processes the signals within its cell body, and
transmits them through an axon. When the accumulated
signal reaches a certain threshold, it generates an electric
pulse to activate the output signal. The dynamic behavior of
this process is highly complex and can exhibit various
characteristics, including oscillations, synchronicity, chaos,
and quasi-linearity. Quasi-linearity is one of the features in
the response of biological neurons, representing a non-linear
overall growth of neuron response within a certain range.
When a biological neuron undergoes chaotic firing in
response to signal stimulation, changes occur in ion channels
both inside and outside the cell membrane, resulting in an
increase in neuron activity levels. When the neuron activity
level exceeds a threshold, it triggers the generation of an
action potential. During the action potential, the flow of ions
inside and outside the cell membrane leads to membrane
potential repolarization. After the action potential, the neuron
enters a refractory period, meaning it cannot generate new
action potentials for a certain period of time.

Related concepts are involved in the chaotic firing process
of biological neurons:

(1) Neuron activity level value: neuron activity level value
is a quantitative representation of the current excitation state
or activation degree of neurons.

(2) Threshold value: The threshold value is a specific
neuronal activity level value, and when the activity level
value exceeds the specific threshold activity level value, the
neuron will be triggered to produce an action potential.

(3) Emissivity: Emissivity refers to the frequency at which
a neuron generates an action potential over a period of time.

(4) Resting state: In the absence of external stimulation, the
neuronal activity level value remains at a relatively stable
value.

(5) Depolarization: Depolarization is the process of action
potential, which gradually increases the level of neuronal
activity. Usually involves the influx of sodium ions.

(6) Repolarization: After the neuron generates an action
potential, the ion concentration inside and outside the cell
membrane is read jugated, and the neuronal activity level
gradually declines. Repolarization is a process of recovery,
usually involving the outflow of potassium ions.

54

(7) Refractory period: Refractory period refers to the
inability of neurons to generate new action potentials for a
period of time, and the activity level value of neurons is
difficult to increase again.

Hodgkin-Huxley Model Activation Functions
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Figure 1. Sodium channel activation response diagram of
Hodgkin-Huxley model (similar to sigmoid image)

- a 7 b 7
(R
(AL 500 Jpoa— S —

Figure 2. Response curve of chaotic discharge of biological
neurons [28]

2.2. Artificial Neurons

Artificial neurons are an abstraction of the behavior of
biological neurons, integrating all incoming signals at the
synapse, and then processing the integrated signals using
activation functions. Its processing process simulates the
activation output of biological neurons. Figure3 illustrates the
activation function of sigmoid, where »:is the signal on the
input synapse, " is the strength of the synapse, / is the
activation function, Y represents the signal output value, b
represents the bias.

yi= [ wi+b)

Figure 3. Schematic diagram of activation function

The activation function determines whether the artificial
neuron will be activated, and it has nonlinear characteristics.
Therefore, the introduction of activation function can enhance
the nonlinear expression of the artificial neural network,
which also enables the neural network to learn and
approximate  complex  functions.  Continuity  and
differentiability are ideal properties of the activation function,
and they allow the use of gradient-based optimization
methods to train neural networks so that artificial neural



networks can learn efficiently through techniques such as
gradient descent. At the same time, an activation function
should be monotonic, so that an increase in the input synaptic
signal also leads to an increase in the output. It can be seen in
Figure 3 that the sigmoid function generates outputs between
0 and 1, which is also a feature of the bounded output of the
activation function. The bounded output can help prevent
problems such as gradient explosion during training of the
artificial neural network. Saturation behavior refers to the
situation where the output of the activation function becomes
very close to the minimum or maximum value, resulting in a
very small gradient. Figure 3 shows the saturation behavior of
sigmoid, in addition to the saturation behavior of tanh
activation function.

2.3. One-dimensional Chaotic Mapping

Chaotic dynamics exist not only in individual neurons, but
also in neural networks and the brain. The simplest dynamic

system for displaying chaos is a one-dimensional chaotic map.

One-dimensional chaotic mapping can be divided into
Logistic Map [29] and Tent map [29]. Although one-
dimensional chaotic maps are the simplest chaotic maps, they
are still extremely sensitive to initial conditions, and small
changes in initial conditions can lead to significantly different
output trajectrajectory.

2.3.1. Logistic Map

Logistic Map generates a chaotic sequence in the range of
[0,1] by scaling the initial values in the range of [0,1] [30]. It
is mathematically defined as:

Xn+1= an(l — Xiz)

(1

r is the chaos control parameter, the value range is [0,4].
As can be seen from Figure 4., » when >3.57, a chaotic
system appears, and the larger the chaos control parameter,
the more chaotic the system.

Bifurcation Diagram of Logistic Map
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Figure 4. Logistic Map bifurcation diagram

2.3.2. Tent Map

Tent map is a piecewise linear mapping function. Because
its mapping shape map is similar to a tent, it is also called tent
mapping. Tent map structure is simple, and the map presented
the result distribution density is relatively uniform, has a good
ergodic. Its mathematical expression is:

Uxn, xn < 0.5
u(l - XVI), xn20.5

Xn+1=

2

In the formula (2), the initial value X ranges from [0,1]. Is
a chaos control parameter. The value ranges from 0 to 2.
Figure 5 shows the bifurcation of Tent map. When the chaos
control parameter U is greater than 1, chaos begins to appear
in the system.
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Bifurcation Diagram of the Tent Map

Figure 5. Tent Map bifurcation diagram

3. Chaotic Neurons

Chaotic neuron is a kind of neuron model based on chaos
theory, which combines the complex dynamic behavior of
biological neurons with the characteristics of chaotic system.
The chaotic neuron proposed in this paper is based on one-
dimensional chaotic mapping, which transforms the response
output of artificial neurons and adds chaotic characteristics to
its response output. Unlike ChaosNet [13], this paper does not
directly use the emissivity of chaotic discharge characteristics
of biological neurons, but makes the emissivity curve quasi-
incremental. It is then used as the response output of chaotic
neurons. The modeling process is described in detail in
section 3.1.

3.1. Chaotic Neuron Modeling

Different from the traditional artificial neuron model, the
chaotic neuron proposed in this paper is chaotic, random,
dynamic, and time-dependent. This paper uses a one-
dimensional chaotic map for its chaotic characteristics (see
Background 2.3).

q.represents the activity of chaotic neurons at discrete time
t (activity can represent the membrane potential of biological
neurons), which affects the activity of neurons at the next time
t+1, which reflects the time dependence and dynamics of
chaotic neurons of biological neurons, and f(.)represents a
one-dimensional chaotic mapping function. The activity of
the resting state of the current neuron q,is not absolutely
unchanged, and will be affected by the internal state of the
neuron, showing a certain randomness. Assume a random
value between 0 and 1: g, = random(0, 1).

Qe+1 = f(qe), 3

In the traditional artificial neuron model, the input neuron
transmits the stimulus signal itself to the receiving neuron
through the accumulation of synaptic weights. In chaotic
neurons, what is transmitted to the receiving neuron is the
emissivity (frequency of action potential generation) in the
chaotic discharge characteristics, in which the emissivity is
affected by the effective stimulation signal of the chaotic
discharge of the excited neuron. Therefore, the emissivity of
the input neuron to the receiving neuron is defined in this
paper as:

fe =721 16,(q0) 4)
1,q; = 06,
19t—1(qi) = { 0’?11i < ett_ll (5)

0, represents the discharge threshold (the threshold for
stimulating chaotic discharge). When it is assumed that
chaotic neurons receive K stimulation signals from other



chaotic neurons, then the total stimulus received by chaotic
neurons is:
he = Xzt ft(k) (©)

The total stimuli received by chaotic neurons affect their
firing threshold 6,

0 = g(he—y). (7

The discharge threshold 6,changes dynamically, at that
time, 6, is the threshold value in the resting state of chaotic
neurons. In biological neurons, the variability of the discharge
threshold is not completely random, but has a certain
regularity. In the lateral hypothalamus nucleus cells, 89% of
the variability of the discharge threshold can be explained by
the deterministic threshold formula [31]. Therefore, here we
assume g(-)a single decreasing function, which causes the
adaptive phenomenon of threshold decline in biological
neurons to appear, which will increase the frequency of
chaotic neurons firing again, and thus its emissivity will
gradually increase. When the total stimulus of chaotic
neurons is higher, the lower the threshold, the more sensitive
the chaotic neuron to the stimulus, which increases the
sensitivity of the chaotic neuron to the stimulus. In addition,
in order to make chaotic neurons have the saturation of
biological neuron response, the threshold functiong(-)no
longer decreases continuously after the stimulus is strong
enough, but tends to a stable value.

In general, formulas (3) to (7) represent a dynamic system
with feedback: the intensity of the input stimulus affects the
firing threshold of the chaotic neuron, which in turn affects
the total intensity of the stimulus received by the chaotic
neuron. When such dynamic systems are implemented as
artificial neurons, they are complicated, and the
computational efficiency of calculating the response of
chaotic neurons is very low because of the need for repeated
chaotic iterations. Therefore, the firing threshold of chaotic
neurons is simplified here into a form that is only affected by
the total input of chaotic neurons and does not change with
time:

0 =g)

x is the total stimulus input of chaotic neurons.

After such simplification, the chaotic response of chaotic
neurons is reduced to a simple feedforward system: according
to formula (8), the firing threshold of chaotic neurons is
calculated according to the total input of the stimuli they
receive; Chaotic neurons constantly update their own
dynamic behavior state according to formula (3), and then
calculate their emissivity according to formula (4) and (6),
and serve as the final response output of chaotic neurons.
Therefore, the chaotic neuron's response to input and output
process can be simply expressed as an activation function:

y = chaotic_activation(x) )

This activation function shows an overall growth trend with
nonlinear quasi-increase and eventually tends to be stable.
The image of this activation function can be viewed by 6.
From the biotheological point of view, the output of chaotic
neuron activation response has the characteristics of
excitatory neuron response. The whole chaotic neuron
modeling process has the complex dynamic behavior of
biological neurons and the characteristics of chaotic system,
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and highly simulates the action potential generation process
of biological neurons, and has biological interpretability.
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Figure 6. Image of chaotic neuron activation function curve

3.2. Properties of Chaotic Neurons and Their
Activation Functions
For the selection of the threshold functiong(x), formula
(10) is adopted in this paper according to the required
characteristics to reflect the dynamic change process of the

threshold with the increase of the total stimulus input of
chaotic neurons:

1
1+e"

g(x) = (10)

The selection of threshold function g(x) satisfies the
saturation behavior of chaotic neurons in response output.
From the perspective of dynamics, the activation function
curve of chaotic neurons in Figure 6 has the characteristics of
biological neurons transforming external stimuli into peaks,
and the whole is quasi-incremental. Since the activation
function is generally differentiable, it is obvious that the
activation function of chaotic neurons cannot be directly
differentiated or differentiable. However, the activation
function of chaotic neurons has saturation behavior, and the
overall gradient direction is generally consistent with the
sigmoid curve, while locally, the two are not completely
consistent, which can avoid the network optimization falling
into local optimality. This can help prevent overfitting to
some extent. Therefore, we choose the derivative of sigmoid
as the approximate derivative of chaotic neuron activation
function, so equation (11) can be approximated as the
derivative of chaotic neuron activation function.

1_ (1- 1_
l+e™ l+e™

S'(x)= ) ()

By modeling chaotic neurons and using activation
functions to reflect their response outputs, we conclude that
chaotic neurons and their activation functions have the
following properties:

(1) Time dependence: The activity value of chaotic neurons
depends on the activity value of the previous moment, which
is similar to the time dependence of biological neurons on the
input and output of signals, but artificial neurons do not;

(2) Response saturation: even if the input stimulus signal in
chaotic neurons becomes larger and larger, its response no
longer changes significantly, but maintains a relatively stable
state, similar to the saturation behavior of biological neurons;

(3) Chaos and randomness: Due to the reference of chaos



mapping, the activity of chaotic neurons is random and more
complex than that of artificial neurons;

(4) Dynamic adaptability: The internal threshold and
activity of chaotic neurons change dynamically, and the
threshold adaptively changes in response to the increase of
total stimulus input, which is in line with the internal activity
mechanism of biological neurons;

(5) Strong nonlinearity: the chaotic neuron activation
function is more complex than the mainstream activation
function and cannot be expressed by specific formulas. The
chaotic neuron activation function has many inflection points,
so it has strong nonlinearity, which can help the model better
fit the data and improve the generalization ability of the model
to a certain extent;

(6) Sensitive dependence: Because chaotic mapping is very
sensitive to small changes in initial conditions, chaotic
neurons will change when there is a small disturbance to the
input. Therefore, the activation function of chaotic neurons is
not fixed and will change significantly with the initial
conditions every time.

a(r=4) b(r=3.99) ¢r=398)

Figure 7. The peak number of chaotic neuron activation function
curve changes obviously under different chaos control parameters

4. Experiment and Analysis
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Figure 8. LeNet-5 model frame diagram

The experiment in this paper adopts tensorflow2
framework and python programming language, and is carried
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out on window10 operating system. Hardware platform: i7-
10750H CPU, Nvidia Geforce GTX 1650 GP, 64GB memory.
In this experiment, only Logistic Map in one-dimensional
chaotic mapping was selected as the chaotic neuron model,
and the chaotic neuron activation function proposed in this
paper was named after LMCU (logistic map chaotic unit). In
order to fully evaluate the learning performance and anti-
overfitting ability of LMCU, experiments based on LeNet-
5[34] deep learning model were conducted on the MNIST [32]
and CIFAR-10[33] datasets, respectively. LMCU and sigmoid,
ReLu, tanh, elu, Leaky Relu and Softplus6 activation
functions are compared and analyzed, among which the
effects of different activation functions on LeNet-5 model can
be seen in Figure 8. Finally, the experiment in this section will
analyze the anti-overfitting ability of LMCU in the CIFAR-
10 data set separately and compare it with the mainstream
anti-overfitting means Dropout [35].

4.1. Results and Analysis of MNIST Dataset

The MNIST dataset consists of 48,000 training images,
12,000 validation images, and 10,000 test images, each of
which is a 28x28 grayscale image. The data is preprocessed
at the beginning of model training, and the training set and
test set are directly divided by MNIST. In order to reflect the
anti-overfitting ability of LMCU, this experiment started with
the factors leading to the overfitting of the model, and
conducted 100 rounds of overtraining on LeNet-5. In order to
effectively analyze the performance of different activation
functions in LeNet-5 model, the same hyperparameters were
used for training. The hyperparameter design of the LeNet-5
model in this summary experiment was designed according to
Table 1.

Table 1. MNIST-LeNet-5 model hyperparameter design

Model parameter design
learning_data 0.001
batch_size 128
epochs 100
Cost function Sparse classification cross entropy
optimizer Adam

Under the hyperparameter design in Table 1, the last round
of test set accuracy of each activation function was recorded
after LeNet-5 model training. The learning performance of
each activation function can be obtained by statistics in Table
2. It can be seen from Table 2 that the learning performance
of the LMCU proposed in the paper in the LeNet-5 model of
the MNIST dataset is basically comparable to that of
mainstream activation functions.

Table 2. MNIST-LeNet-5 Comparison of learning performance of
cach activation function

Activation function Accuracy %

relu 99.21
sigmoid 98.87

tanh 98.94

Leaky relu 99.19

elu 99.01
softplus 98.83
LMCU 98.85

However, due to the chaotic cycle process in the output
process of LMCU, the calculation time is longer and the
training time is slower than those of the main activation



functions under the same number of training rounds.

In Table 3, the difference of accuracy and loss rate of
different activation functions in the training set and the test
set of LeNet-5 model is recorded. Slight overfitting occurs in
the overtrained LeNet-5 (the performance of the test set is
worse than that of the training set as a whole), even though
the gradient direction of the LMCU curve is consistent with
sigmoid. However, it can still be found that LMCU has the
lowest generalization error and the lowest degree of
overfitting, which indicates that LMCU has the best anti-
overfitting ability compared with other mainstream activation
functions.

Table 3. MNIST-LeNet-5 Comparison of generalization errors of
each activation function

Activation Accuracy error Loss rate error
function (-) +)
relu 0.0079 0.0575
sigmoid 0.0113 0.0523
tanh 0.0106 0.0551
Leaky relu 0.0081 0.0575
elu 0.0088 0.0796
softplus 0.0108 0.1047
LMCU 0.0071 0.0235

4.2. Results and Analysis of CIFAR-10 Dataset

The CIFAR-10 dataset is made up of 60,000 RGB images
with a size of 32x32, and contains 10 different attributes of
species such as birds, cars, and airplanes. Compared to the
MNIST dataset, although CIFAR-10 is also 10 categories, it
is more difficult to identify because its images contain more
additional information. The data is preprocessed at the
beginning of model training, and the training set and test set
are also directly divided using the CIFAR-10 data set. LeNet-
5 was trained for 50 rounds. In order to objectively compare
the performance of LMCU with other mainstream activation
functions, LeNet-5 model hyperparameter design in Table 4
was used for model training.

Table 4. Hyperparameter design of CIFAR-10-LENET-5 model

Model parameter design
learning_data 0.001
batch_size 128
epochs 50
Cost function Sparse classification cross entropy
optimizer Adam

Under the hyperparameter design in Table 4, the last round
of test set accuracy of each activation function was recorded
after LeNet-5 model training. The learning performance of
each activation function can be obtained by statistics in Table
5. It can be seen from Table 5 that relu performs best in LeNet-
5, while LMCU performs worst in the response curve of
chaotic neurons, with an accuracy 9.21% lower than relu and
5.77% lower than sigmoid. The accuracy rate of LMCU is
close to that of softplus. Even though LMCU, sigmoid and
tanh all have saturation behavior, it indicates that different
activation functions have different performances in different
data sets under the same model. Therefore, different
activation functions should be selected under different data
sets to improve the expression ability of the model. Because
the data set CIFAR-10 is more complex than MNIST, it is a
three-channel RGB image, and the image is more susceptible
to lighting, object pose, occlusion and other factors. Therefore,
the classification performance of LeNet-5 model will also
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decline.

Table 5. CIFAR-10-LeNet-5 Learning performance of each
activation function

Activation function Accuracy %
relu 60.49
sigmoid 57.05
tanh 53.34
Leaky relu 60.32
elu 56.57
softplus 51.40
LMCU 51.28

In Table 6, by comparing the difference of accuracy and
loss rate of different activation functions in the training set
and test set of LeNet-5 model, overfitting occurred in LeNet-
5 after 50 rounds of training. It is obvious that LMCU has the
lowest generalization error, with the accuracy error and loss
rate error of only 1.1% and 3.06% respectively in the training
set and test set. The degree of overfitting was the lowest. This
shows that the LeNet-5 model based on LMCU activation
function has the best resistance to overfitting and the strongest
generalization ability compared with the LeNet-5 model
based on other mainstream activation functions.

Table 6. CIFAR-10-LeNet-5 Comparison of generalization errors
of each activation function

Activation Accuracy error Loss rate error
function ©) )
relu 0.2258 1.0495
sigmoid 0.0449 0.119
tanh 0.2735 1.1625
Leaky relu 0.2046 0.8678
elu 0.2971 1.7323
softplus 0.3161 2.169
LMCU 0.011 0.0306

4.2.1. Analysis of Anti-overfitting Ability

In order to further analyze the anti-overfitting ability of
LMCUs, this section continues to conduct comparative
experiments on the influence of different chaos parameters on
LeNet-5 model based on relu activation function in CIFAR-
10 data set. First, the LeNet-5 model based on relu activation
function was trained according to the hyperparameters in
Table 4. The curves of accuracy rate and loss rate of the
training set and test set were printed respectively, 9. It can be
seen that the model had serious overfitting, and the accuracy
rate of the last round of test set was 0.6268.

b

Figure 9. relu-I‘jeNet-S Performance of training set and test set
Then, in the two-layer convolution of LeNet-5 based on
relu activation function, the relu activation function is
successively replaced with chaos control parameters with step
size of 0.1: The LMCUs of 4, 3.9 and 3.8 were then trained
respectively, and the accuracy rate of the last round of test set
was recorded respectively at 0.6020, 0.5779 and 0.5785. The
accuracy rate and loss rate errors of the training set and test



set of different chaos control parameters were recorded in
Table 7. At the same time, the curves of precision rate and loss
rate of the training set and test set with chaos control
parameter 4 are printed, and compared with Figure 9, it can
be found that the overfitting degree is effectively suppressed
by the replacement of LMCU.

a b
Figure 10. LMCU training set and test set performance with chaos
control parameter 4

In Table 7, the replacement performance of LMCU's two-
layer convolution in LeNet-5 when the chaos control
parameters are 4, 3.9, and 3.8 are respectively recorded. It can
be concluded that as the chaos control parameters become
smaller, the lower the degree of chaos, the larger the
generalization error, and the lower the ability to prevent
overfitting. Therefore, the anti-overfitting ability of LMCU is
affected by the control chaos control parameter. The larger the
chaos control parameter, the stronger the anti-overfitting
ability of LMCU. As can be seen from Table 7, when the
chaos control parameter is 4, LMCU has the best anti-
overfitting ability and the lowest generalization error. In
Figure 7, it is found that chaos control parameters affect the
peak number of LMCU. The larger the chaos parameter, the
more the peak number of LMCU, which also indicates that
the more the peak number of LMCU, the stronger the anti-
overfitting ability of LMCU.

Table 7. Comparison of generalization errors under different chaos
control parameters

Chaos control Accuracy Loss rate The final test
parameter
") error (-) error (+) set accuracy
4 0.0236 0.0903 0.6020
3.9 0.0572 0.1559 0.5779
3.8 0.086 0.2755 0.5785

4.2.2. Comparison of Anti-overfitting Ability

Dropout is a common anti-overfitting method. Dropout
randomly drops the output of certain neurons with a certain
probability during training, and each layer of the neural
network will no longer be overly dependent on a particular
neuron, which reduces the risk of overfitting. Dropout is often
applied after the convolution layer and the fully connected
layer. In the LeNet-5 model based on relu activation function,
experiments in this section randomly discard neurons in the
convolution layer and the fully connected layer of LeNet-5
with probability values P of 0.2, 0.5 and 0.6, respectively, and
then carry out the same training. The generalization error of
LeNet-5 after adding Dropout and the accuracy of the last test
set were also recorded.

Table 8 shows that when the Dropout probability value p is
0.2, LeNet-5 has the lowest generalization error, the lowest
overfitting degree, and the highest accuracy rate. Compared
with the use of LMCU when the chaos control parameter is 4
in Table 7, the anti-overfitting ability of Dropout is slightly
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superior. However, the use of Dropout involves the
adjustment of different probability values and the adjustment
of different positions, which greatly reduces the efficiency of
model training. Compared with adding some anti-overfitting
methods to the model, the application of chaotic neuron
response curve LMCU in the artificial neural network can
reduce the dependence of the artificial neural network on the
mainstream anti-overfitting methods, so as to improve the
efficiency of model training. It starts from the artificial neural
network itself, so as to enhance the anti-overfitting ability of
the artificial neural network.

Table 8. Performance of different probability values P

Accuracy error | Lossrate | The final test set
Dropout(P) () error (+) accuracy
0.2 0.0019 0.0055 0.6204
0.5 0.0283 0.0934 0.5182
0.6 0.0423 0.1585 0.4668
5. Conclusion

Inspired by the chaotic discharge characteristics of
biological neurons and based on the quasi-incremental
characteristics of chaotic and nonlinear responses of
biological neurons, this paper proposes a novel chaotic
neuron with chaotic response characteristics and its activation
function LMCU. This chaotic neuron is based on Logistic
Map. At the same time, the complex dynamic behavior of
biological neurons and the characteristics of chaotic system
are combined, and the emissivity of chaotic firing
characteristics of biological neurons is taken as the response
output of chaotic neurons. The LMCU activation function
curve has the characteristics of numerous spikes that the
traditional activation function curve does not have, and its
gradient is roughly consistent with sigmoid in the general
direction. Comparative experiments using LeNet-5 model on
data sets MNIST and CIFAR-10 draw the following
conclusions:

(1) The learning ability of LMCU is basically comparable
to the mainstream activation function.

(2) Compared with the mainstream activation function, the
use of LMCU can effectively suppress the overfitting of
artificial neural network, greatly reduce the generalization
error of the model, and enhance the anti-overfitting ability of
artificial neural network.

(3) The anti-overfitting ability of LMCU is affected by the
chaos control parameters. When the chaos control parameters
are larger, the system is more chaotic, the LMCU curve has
more spikes, and the anti-overfitting ability of LMCU is better.

(4) In the comparison experiment with Dropout, the anti-
overfitting ability of Dropout is slightly superior, but the use
of Dropout involves the adjustment of different probability
values and the adjustment of different positions, which
greatly reduces the efficiency of model training. Compared
with adding some anti-overfitting means to the model, the
application of LMCU in artificial neural network can reduce
the dependence of artificial neural network on mainstream
anti-overfitting means. It starts from the artificial neural
network itself, so as to enhance the anti-overfitting ability of
artificial neural network.

(5) The response output process of chaotic neurons
involves the calculation of chaotic iterative cycles, so its
response curve LMCU has a problem of slow computation
efficiency in model training.



In this paper, only Logistic Map was used for the modeling
and experimental study of chaotic neurons, and Tent Map was
not used for experimental study. In the next research, we will
use Tent Map to realize the chaotic neuron modeling and its
activation function. At the same time, there are still many
places to explore for this new chaotic neuron model proposed
in this paper.
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