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USE OF IZHIKEVICH NEURONS IN HOPFIELD MODELS

The Izhikevich chaotic neuron model represents a considerable advancement in computational neuroscience by offering a
mathematical framework that closely mirrors the behavior of biological neurons, especially in generating chaotic or complex spiking
patterns seen in the brain. This model has garnered attention due to its ability to replicate a wide range of real-life neural dynamics,
including bursting and tonic spiking, which are fundamental to understanding the complexities of neural communication and processing.
On the other hand, Hopfield networks, a type of recurrent neural network, have long been recognized for their ability to serve as content-
addressable memory systems, storing and recalling information based on associative dynamics. Often described as spin glass systems,
Hopfield networks operate by finding stable states or patterns within the neural network, emulating certain memory functions of the human
brain. Recently, research into innovative activation functions has opened new possibilities for enhancing the capabilities of recurrent
networks. The chaotic activation functions, in particular, present an intriguing area of exploration within Hopfield networks. This article
investigates the effects of embedding these chaotic activation functions in Hopfield networks, examining how they influence the network's
stability, adaptability, and efficiency. Through this exploration, we aim to reveal the impact of chaos on the network's dynamics, providing
insights that could potentially lead to improved performance in applications requiring complex memory and associative processing. The
study contributes to the growing field of neuromorphic engineering, with implications for both artificial intelligence and neuroscience.

Keywords: self-concept of the individual, dichotomous orientation of the transformation of the self-concept of the individual,
constructive transformation of the self-concept of the individual, destructive transformation of the self-concept of the individual.
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Introduction

In the field of computational neuroscience, the ability to accurately model and simulate the complex behavior of neurons
is crucial for understanding brain function. One of the most promising advances in this area is the development of Izhikevich
chaotic neurons. These models, named after neuroscientist Eugene Izhikevich, offer a powerful tool for replicating the highly
dynamic and unpredictable behavior observed in real biological neurons.

Chaotic neurons differ from traditional neuron models by incorporating chaotic dynamics—nonlinear patterns that are
sensitive to initial conditions, much like real brain activity. In biological systems, such chaotic patterns are essential for various
cognitive processes, from memory encoding to decision-making, and even in maintaining the brain's flexibility to adapt to new
information. Traditional neuron models, which often rely on simpler, more linear systems, struggle to capture this complexity.

The Izhikevich model strikes a balance between biological realism and computational efficiency, allowing for the simulation
of large neural networks without requiring the immense computational resources that more complex models demand. This
balance is critical in making large-scale simulations of brain function more accessible, aiding researchers in studying
everything from learning and memory to neurological disorders.

The introduction of chaotic dynamics into neuron models represents a paradigm shift in computational neuroscience. By
better capturing the intricacies of real-life neural processes, Izhikevich chaotic neurons allow scientists to explore new
hypotheses about brain behavior, including how the brain processes information, adapts to change, and possibly even how it
malfunctions in the case of diseases like epilepsy or schizophrenia.

As this research continues to evolve, the implications extend far beyond academic inquiry. By understanding how chaotic
processes contribute to brain function, future developments could influence the creation of more advanced artificial
intelligence systems, as well as new treatments for neurological conditions. In this sense, Izhikevich chaotic neurons represent
not just a step forward for neuroscience but a key to unlocking deeper understanding of the brain's underlying mechanisms.

Activation functions play a vital role in transmitting signals between neuron layers in deep learning models. While sigmoid
and hyperbolic tangent functions were commonly utilized in the past, recent research has revealed the benefits of using
chaos-based activation functions (Dubey, Singh, & Chaudhuri, 2022). These functions offer features that enable faster and
more efficient convergence during neural network training. By broadening the search space for optimal parameters, they
reduce the risk of the model becoming stuck in local minima and support a more stable learning process (Wang, Ren, &
Wang, 2022; Kilicarslan, Adem, & Celik, 2021).

Improved prediction accuracy and reduced training time for deep models can be achieved as a result. Furthermore,
introducing chaos into activation functions helps resolve the issue of training reproducibility, as these functions are generally
less sensitive to initial conditions (Chen, & Wang, 2023). However, it should be recognized that chaos-based activation
functions might require more sophisticated optimization techniques and could also increase computational demands.

The Hopfield model plays a pivotal role in the realm of neural network theory, offering a profound mathematical foundation
for understanding complex systems of artificial neurons. At its core, the Hopfield neural network is a recurrent, fully connected
network, meaning that every node (or neuron) in the network is connected to every other node, forming a dense network
topology. This full connectivity allows the network to engage in more intricate and dynamic interactions, making it capable of
solving a variety of problems.

One of the distinctive features of the Hopfield model is its symmetric connection matrix. The weights between the neurons
in this network are not only interconnected but also symmetrical-meaning that the weight from neuron i to neuron j is the
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same as the weight from neuron j to neuron i. This symmetry is a crucial aspect of the Hopfield model, as it ensures that the
network's dynamics can evolve in a manner that guarantees the convergence to stable equilibrium states. These equilibrium
states, where the system eventually settles, are of great interest because they correspond to local minima of a function known
as the network energy.

The network energy is typically represented as a negatively defined quadratic form, often visualized geometrically as a
surface over an n-dimensional cube. The network evolves by updating the states of its neurons according to a set of rules
that ultimately drive the system towards these minima. This energy function is a measure of how "far" the system is from its
most stable configuration, and as the network processes its inputs, it reduces this energy until it finds a point where no further
reduction is possible—this point is where the system reaches equilibrium.

The activation functions in Hopfield models are designed to emulate the behavior of neurons in the brain. Although linear
and sigmoidal activation functions are commonly used, studies have demonstrated that chaotic activation functions can yield
interesting results (Deng, Wong, & Lin, 2024a). Chaotic functions, for example, introduce an element of randomness into the
problem-solving process, which can be particularly useful for tasks like optimization or pattern recognition, where variability
and dynamic responses are essential (Deng, Wong, & Lin, 2024b).

Incorporating chaotic activation functions into Hopfield networks can enhance performance, especially when dealing with
problems characterized by numerous local minima. Their complex, unpredictable nature helps the network navigate toward
global optima more effectively (Magallon et al., 2024). However, this approach also presents challenges, such as increased
complexity in training and higher computational costs, as these functions require more advanced optimization strategies and
processing techniques.

Another advantage of using chaotic activation functions in Hopfield networks is their ability to create more intricate dynamic
relationships between neurons. This can improve the network's ability to adapt to changes in input data or evolving
environmental conditions. Such chaotic interactions also enable the model to better mimic complex dynamic processes, such
as memory retention and bias learning (Cursino, & Dias, 2024; Krotov, 2023).

The use of chaotic activation functions in neural networks introduces a level of complexity that demands meticulous
attention to both the fine-tuning of model parameters and the selection of the most appropriate training methods. Unlike
traditional activation functions, chaotic functions exhibit non-linear and unpredictable behavior, which can create challenges
during the training process. As such, any adjustments made to the model's parameters—such as learning rates, weight
initialization, and network architecture — must be approached with great care. If these adjustments are inadequate or
improperly balanced, the network may exhibit erratic or unstable behavior, potentially causing the learning process to stagnate
or fail entirely. Furthermore, the chaotic nature of these functions means that the training dynamics may not converge in a
straightforward manner, often requiring more advanced techniques like adaptive learning rates or specialized optimization
algorithms to manage the inherent instability.

One of the key challenges with chaotic activation functions lies in their unpredictability, which can sometimes manifest as
highly variable outputs that deviate significantly for minor changes in input. This unpredictability may not be conducive to
tasks where high precision and consistent performance are paramount. For example, applications such as financial
forecasting, medical diagnostics, or autonomous driving require stable and reliable decision-making processes, as even small
fluctuations in the network's behavior could result in critical errors. In such contexts, the inherent variability of chaotic functions
might compromise the model's ability to make consistently accurate predictions, which is crucial for applications that rely on
a high degree of reliability and precision.

Looking ahead, the future of chaotic activation functions in neural networks holds promise. Advancements in
computational power and optimization algorithms may address current limitations, paving the way for broader adoption. Hybrid
approaches that combine chaos with traditional methods could offer a balance between precision and adaptability.
Furthermore, the exploration of chaos theory in quantum computing and neuromorphic hardware could unlock new frontiers
for neural network design.

There is a growing demand for more in-depth research on the application of chaotic activation functions within Hopfield
networks, spurred by the increasing interest in neural networks and their potential roles in complex information processing
tasks. Although some studies have already highlighted the promise of this approach, the subject is still not well represented
in the scientific literature. Therefore, it is crucial to conduct more extensive experimental and theoretical investigations to
explore the potential advantages and disadvantages of integrating chaotic activation functions into Hopfield networks
(Liang et al., 2024; Kashyap et al., 2022).

1. Activation functions' comparison

Differentiable activation functions in neural networks provide several significant advantages over their nondifferentiable
counterparts. Most importantly, they allow for the effective use of optimization algorithms like backpropagation during network
training. The smooth nature of differentiable functions aids in finding optimal parameters through gradient search techniques,
which streamlines the training process and improves the convergence rate.

It is also important to recognize that differentiable activation functions enable the application of regularization methods
that help reduce overfitting and improve generalization capabilities. For example, techniques such as L1 or L2 regularization
can be applied to model weights, helping to control their complexity and mitigate the risk of overfitting.

Additionally, differentiable activation functions create a smooth and continuous relationship between the network's inputs
and outputs, allowing for gradual transitions between values and simplifying the optimization process. They also facilitate the
use of more sophisticated optimization algorithms, such as adaptive gradient descent methods, which improve both the speed
and efficiency of network convergence.

In (Lieberman-Aiden, 2009), it was proposed that a neuron's behavior can be described by a dynamical system,
represented as a one-dimensional function that is both piecewise linear and piecewise continuous:

x(t + D = F(x(t), h(®)). (1)
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This category of functions is defined by the function K(h), which is influenced by the slope angle. This relationship must
satisfy the following conditions: 1) symmetry, such that K(-h) = K(h); 2) a monotonic decrease for h > 0 (and consequently,
a monotonic increase for h < 0); and 3) K(0) = 2. The following function meets these criteria

2

Kh) = e (2)
The behavior of the formal neuron is defined by a ratio:
(1, h(t) >0
x(t + 1) = {_1’ WD < 0 (3)

It is well-known that a real neuron operates as a highly complex system with inertia (Freeman, 1987; Hirsch, 1989;
Babloyantz, Nicolis, & Salazor, 1985; Hopfield, 1982). The characteristic time scales of its processes range from just a few
milliseconds to several hundred milliseconds, or even longer (Skarda, & Freeman, 1987; Tsuda, 1992; Shepherd, 1990; Yao,
& Freeman, 1990). In (Lieberman-Aiden, 2009), it was suggested that when the external input h is large, the neuron quickly
reaches an excited state. However, when h is smaller, the transition to this state slows down. This behavior is captured by
the chaotic Izhikevich activation function (1), where a decrease in h leads to an increase in K(h), resulting in a longer transition
time in (2). Despite this, the special point at x = 1 remains stable. Once K(h) surpasses 1, x = 1 loses its stability, giving rise
to chaotic behavior in the neuron.

The transition from order to chaos, as described in (3), is a phenomenon often observed in functions with discontinuities
or sharp changes, referred to as a homoclinic explosion (Sparrow, 1982). Previous research has shown that the specific form
of the function K(h) does not significantly affect the outcomes, as long as the system follows this chaotic behavior. The critical
parameter to focus on is the value h = p, where K(h) equals 1, marking the point at which the shift to chaos occurs.

One drawback of the chaotic Izhikevich activation function mentioned earlier is its lack of differentiability for small values
of h(t). Differentiability is a critical property in many machine learning algorithms, particularly those relying on gradient-based
optimization methods, such as backpropagation. The absence of differentiability in an activation function can lead to
challenges in effectively training neural networks, as gradients are essential for adjusting weights to minimize error during the
learning process.

This problem can be addressed by replacing the linear function within the Izhikevich activation model with a parametric
Bézier function (see Fig. 1). Bézier functions, widely used in computer graphics for curve modeling, provide a flexible and
smooth representation of data. In the context of neural networks, this replacement ensures that the activation functions remain
differentiable, even for small values of h(t). The smoothness and control offered by Bézier functions can facilitate more stable
gradient computations, enhancing the training efficiency and convergence of neural networks.

Moreover, the parametric nature of Bézier functions introduces additional parameters that can be fine-tuned during the training
process. These parameters offer a higher degree of flexibility, allowing the activation function to adapt to specific learning
requirements of different layers or architectures. Importantly, this substitution preserves the bijectivity condition of the equation x(p),
where x represents the input vector, and p denotes the parameters of the Bézier function. Bijectivity is crucial in ensuring that every
input maps uniquely to an output, maintaining the mathematical integrity and predictability of the activation function.
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Fig. 1. The Izhikevich chaotic activation function and its altered form utilizing a parametric Bézier curve

The adaptation of parametric Bézier functions in place of traditional activation mechanisms exemplifies the innovative
approaches being developed to address the inherent challenges in neural network training. This adjustment not only highlights
the interplay between mathematical rigor and computational efficiency but also underscores the importance of interdisciplinary
methods in advancing machine learning technologies. An experiment was conducted to evaluate the activation functions used
in the Hopfield network, specifically the signum function, the chaotic Izhikevich activation function, and its differentiable
variant. The input data comprised samples from normal distributions N(up, 02), representing two distinct classes. The
parameters y and 0% were chosen to cover a range of distribution overlap scenarios (see Fig. 2). Training images were created
based on the training data for each binary classification category, and the models' performance was measured on the test
data using Leave-One-Out validation, with the F1-score as the primary metric.
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Fig. 2. Samples for binary classification derived from normal distributions with distinct variances and mean values

The null hypothesis posits that the selection of an activation function does not influence the outcomes of the model,
whereas the alternative hypothesis asserts that chaotic activation functions provide enhanced results.

When analyzing cases where the distributions intersect, with parameters set as y1=0.34, y2=0.66, and 61?=022=0.05, an
average F1-score of 0.79 was recorded after conducting 100 trials with the signum activation function. Through statistical
power analysis, it is possible to ascertain the minimum number of experiments necessary to achieve a statistically significant
increase in the mean F1-score. To reach statistical significance using a z-test for an improvement of at least 1 %, a minimum
of 25,580 experiments per group would be required.

A total of 26,000 experiments were carried out for each of the activation functions under comparison (including signum,
chaotic Izhikevich, and its differentiable variant), and the F1-scores were computed for each trial. The average F1-scores
obtained were 0.86 for the signum function, 0.87 for the chaotic Izhikevich function, and 0.872 for the differentiable version.
Following this, z-tests were conducted to analyze the results for each experimental pair (refer to Fig. 3).
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Fig. 3. Results of z-tests for experiments with activation functions
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The findings indicated that the samples utilizing chaotic activation functions were statistically significantly different from
those using the signum function. However, no statistically significant difference was found between the two chaotic functions,
even though the modified function yielded slightly better outcomes, as demonstrated by the z-statistics.

Additional experiments with different parameters of normal distributions were conducted, and F1-scores were determined
for each sample, with paired z-tests performed (see Fig. 4).

Z-statistics

itle

Fig. 4. Results of z-tests for experiments with activation functions for different distributions

In trials where the mean values varied, the previous trend persisted: chaotic functions consistently demonstrated
statistically significant improvements over the signum function, with the differentiable modification exhibiting even greater
performance. Conversely, in experiments where the means were identical, all functions delivered comparable results,
revealing no statistically significant differences.

2. Experiment on real data

We will now investigate the efficacy of chaotic activation functions in an experiment utilizing real-world data.

In the 1960s, some of the earliest studies on malignant transformations emerged, focusing on X-chromatin content in
somatic cells. These investigations underscored the instability of X-chromatin and its relationship with various functional
changes in the body, as well as the general pathology of somatic cells. Significant alterations in the X-chromatin content of
buccal epithelium and peripheral blood neutrophils were noted in individuals with tumors. Furthermore, it was shown that
variations in the number of cells harboring X chromosomes are connected to abnormalities in the functional status of the
heterozygous X chromosome (Radak, Lafta, & Fallahi, 2023).

Research emphasizing changes in buccal epithelial cells among cancer patients has garnered considerable interest. In
the 1960s, H. Nieburgs (1968) and colleagues reported a notable redistribution of chromatin mass in somatic cells of 77 % of
cancer patients, labeling these alterations as tumorigenic. These changes included the enlargement of epithelial cell nuclei
and an increase in the size of "restricted" chromatin areas, which were surrounded by lighter regions (Boroday et al., 2016).
Similar transformations were observed in cells from other organs, such as the liver and kidneys. In breast cancer patients,
there was a reported increase in DNA content and the size of interphase nuclei in buccal epithelium. However, some
researchers did not observe a significant difference in DNA content between patients and healthy individuals, as demonstrated
in a study measuring the DNA content of buccal epithelial cells in men with bronchial epithelioma through cellular
spectrophotometry (Ogden, Cowpe, & Green, 1990).

Another study analyzed a control group of 29 patients, 68 patients diagnosed with stage Il breast cancer, and 33 patients
with fibroadenomatosis, all confirmed through histological examination. The morphological dataset consisted of 20,256
images of interphase nuclei from buccal epithelium, with 6,752 nuclei scanned using three different formats: unfiltered, with a
yellow filter, and with a purple filter.

The morphological samples were derived from smears of epithelial cells taken from the middle depth of the spinous layer
of the oral mucosa, averaging 52 cells per preparation. The concentration of DNA-fuchsin in the epithelial cell nuclei was
calculated by multiplying the optical density by the area. During the initial phase of the analysis, an image of chromatin
distribution was generated as a 128 x 128-pixel matrix (Klyushin et al., 2021).

The model's input comprised three-channel (RGB) samples of fractal kernel sizes for each patient, exhibiting considerable
variation in the number of elements across the samples. As a result, quantiles were calculated for each sample before training
the neural network, where n signifies the number of elements in the smallest sample (refer to Fig. 5).
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Fig. 5. An example of consolidation of training samples using quantiles

A total of 144 experiments were meticulously conducted, carefully divided into four distinct categories to facilitate a
comprehensive analysis: cancer patients compared to healthy controls, cancer patients versus both healthy controls and
fibroadenomatosis patients, cancer patients against fibroadenomatosis patients, and fibroadenomatosis patients compared
to healthy controls. Each category represented a unique challenge in distinguishing between the various groups, and the
experiments were designed to test multiple aspects of the data and model behavior under different conditions.

Training images were generated from the initial training data for each binary classification category, ensuring that the
models were exposed to a balanced and varied set of input data. The performance of each model was rigorously evaluated
using Leave-One-Out Cross-Validation (LOO-CV) on the test data. This method enabled the analysis of each individual data
point's influence on the model's predictions. Key performance metrics, including precision, recall, and F1-score, were utilized
to assess how well the models differentiated between the various groups, with a specific focus on achieving high accuracy
and minimizing false positives and false negatives.

In the analysis comparing 'cancer patients and fibroadenomatosis patients,' it was observed that the differentiable
modification introduced in the models yielded significantly better outcomes. Specifically, the use of the median as an
aggregation function outperformed the arithmetic mean, consistently providing a more reliable aggregation of data, especially
in the most successful experimental trials. The highest accuracy was recorded when utilizing input data in RGB format, offering
the most comprehensive color representation for distinguishing between the patient groups. Additionally, input data formatted
with single-channel inputs for red (R), green (G), and blue (B) channels also demonstrated promising results, further
emphasizing the importance of selecting the right input format for model performance.

In the comparison between 'cancer patients and healthy controls,’ the differentiable modification displayed comparable
results to those achieved by the chaotic Izhikevich function, known for its non-linear and complex behavior. In most
experiments, both chaotic functions outperformed the traditional signum function, showcasing the potential of chaotic
dynamics in improving model predictions. Interestingly, the median and arithmetic mean showed nearly identical performance
in related tests, with the best accuracy achieved when the input data was in the B (blue) and RGB formats, suggesting that
these color channels were particularly effective in discriminating between cancer patients and healthy controls.

When examining the more complex comparison of 'cancer patients versus healthy controls and fibroadenomatosis
patients,' all three activation functions—differentiable, chaotic, and signum—exhibited similar levels of effectiveness. This lack
of a clear winner among the activation functions suggests that, in this case, the task of differentiating between the three
categories posed a greater challenge for the models, regardless of the function used. Similarly, the aggregation techniques
and input data formats did not show any clear advantage, with no single combination yielding significantly better results across
all experiments.

In the comparison of 'fibroadenomatosis patients compared to healthy controls,' chaotic functions consistently outperformed
the signum function across the majority of experiments. This trend aligns with previous findings and further supports the
hypothesis that chaotic systems can enhance model performance in certain types of medical data classification. Moreover, in
line with previous analyses, the median was found to be more effective than the arithmetic mean in aggregating training images,
leading to better F1-scores in most experiments. The highest accuracy in this category was achieved with input data in both RGB
and B formats, reinforcing the consistent success of these input channels across different classification tasks.

The most impressive results were seen in the experiments comparing 'cancer patients to fibroadenomatosis patients,'
where the top five trials achieved an average F1-score of 0.84, reflecting a high level of model effectiveness in this binary
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comparison. This stands in contrast to the lowest performance, observed in the category comparing 'cancer patients to healthy
controls and fibroadenomatosis patients,’ where the best five experiments yielded an average F1-score of only 0.57. This
significant variation in performance can largely be attributed to the complexity introduced by the second class — healthy
controls and fibroadenomatosis patients. The combined dataset for these two groups proved to be especially difficult for the
model to differentiate from cancer patients, likely due to shared features or overlapping characteristics between healthy and
fibroadenomatosis patients that were not easily separable.

Furthermore, the aggregation method once again played a crucial role in model performance. The median, as an
aggregation technique, demonstrated greater effectiveness in most experiments, resulting in higher F1-scores compared to
the arithmetic mean. This finding underscores the importance of selecting the right aggregation function to ensure that the
training data is represented in a way that maximizes the model's ability to distinguish between patient groups. The input
formats that consistently emerged as the most successful across the various experimental groups were RGB and B, both of
which regularly appeared among the top five trials in each category, suggesting that these formats offer the most robust and
informative data for the classification task at hand.

In summary, the results from these 144 experiments highlight the intricate dynamics of using machine learning models to
distinguish between different patient categories based on complex medical data. The findings suggest that differentiable
modifications, chaotic functions, and thoughtful data aggregation methods can significantly enhance model performance,
especially when carefully paired with the most appropriate input data formats. These insights provide valuable guidance for
future research and model optimization in the field of medical data classification.

Discussion and conclusions

Incorporating chaos into activation functions is becoming an increasingly important strategy for improving the efficiency,
adaptability, and overall performance of deep learning models, particularly within the context of artificial neural networks
(ANNs). Chaotic systems, by their very nature, exhibit complex, sensitive dependence on initial conditions, and by embedding
such behavior into activation functions, models can simulate a more dynamic, unpredictable response to varying inputs. This
adaptability is particularly beneficial in deep learning, where the capacity to handle diverse and fluctuating data patterns can
significantly improve model performance. Traditional activation functions like ReLU or sigmoid, while effective in many
scenarios, often struggle to account for the nonlinearities and complexities inherent in real-world datasets, leading to limited
model flexibility and suboptimal generalization.

By introducing chaos into activation functions, the feature distribution space within the model is greatly expanded. This
means that the neural network has access to a broader spectrum of representational possibilities, allowing it to adjust more
effectively to changing or uncertain conditions in the data. Such a mechanism allows the network to better explore and map
the relationships within the data, as chaotic functions inherently offer a rich diversity of behaviors, ranging from periodic to
highly irregular patterns. This increased diversity enables models to capture more nuanced features and detect intricate
patterns that might otherwise be missed by more conventional activation functions. Additionally, chaotic activation functions
contribute to making the model more resilient to noise and fluctuations in the training data, as the chaotic behavior introduces
a natural robustness to small, random perturbations. This becomes especially important in real-world applications, where data
can often be incomplete, noisy, or otherwise unreliable.

Another significant advantage of chaotic activation functions is their ability to improve the model's generalization
capabilities, especially when exposed to new, unseen data. When deep learning models are trained, they often face the
challenge of overfitting to the training set, which can result in poor performance on out-of-sample data. The unpredictability
introduced by chaotic functions helps to mitigate this risk by promoting more flexible learning, allowing the model to explore
a wider range of potential solutions during training. This ability to generalize better means that chaotic activation functions
enhance the model's ability to adapt to new scenarios, making it more versatile and better equipped to handle a broad variety
of machine learning problems, from time series forecasting to pattern recognition.

Moreover, differentiable activation functions in neural networks provide several significant advantages over
undifferentiable ones. Primarily, they enable the effective use of optimization algorithms, such as error backpropagation, for
network training. The smooth properties of differentiable functions allow for the identification of optimal parameters via
gradient descent, thereby streamlining the training process and improving the convergence rate.

This article presents evidence and highlights the advantages of chaotic activation functions within the Hopfield model,
demonstrated through experiments with artificial samples generated from normal distributions, as well as real data related to
breast cancer prediction. This area still requires further research and experimentation, and the development and
implementation of new chaotic activation functions could be a promising direction for advancing deep learning. Such
enhancements could benefit not only Hopfield models but also other algorithms and neural network architectures, potentially
resulting in improved performance across a range of tasks.
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BUMKOPUCTAHHSA HEAPOHIB DKMKEBUYA B MOAENAX ronaeiigA

IMo6ydoea modesi xaomuyHo20 HelipoHa XXuKeeuya € 3Ha4YHUM MPOPUBOM y 2asly3i 064ucro8anbHOI HelipoHayKu, OCKiNlbKU Hadae UboMy sseuuly
MamemamuyHy OCHoe8y, ujo HabnuxeHo eidmeoproe noeediHKy 6ionoz2iyHUX HelipoHie, 30Kkpema cknadHi xaomu4Hi cnailikoei mamepHu, siKi
crnocmepieatombcsi 8 MO3Ky. L modenb npueepHyna yea2y e4yeHux 3aedsiku ceoili 30amHocmi eiOmeoproeamu WUPOKUU criekKmp peasibHUxX
HelipoHHUX QUHaMIK, 8K/TFOYHO 3i crlanaxaMu ma MoHiYHUMU crnaiikamu, wo € pyHdameHmanbHUM Onsi PO3yMiHHS ckrlaOHocmi HelipOHHOI KOMYHiKayil
Ui 06po6eHHs1 iHghopmauyii. 3 iHwozao 60Ky, Mepexi Xonginda, 0OuH i3 munie pekypeHMHuUx HelipOHHUX MepeXx, 0aeHO 8U3HaHi 3a ixHI 30amHicmb
yHKyioHyeamu sik cucmemu nam'smi 3 docmynom 3a 3micmom, 36epizatoyu ma euknukaro4u iHghopmayito Ha ocHoei acoyiamueHoi AuHamiKu.
Yacmo onucaHi sik cniHoei cknsiHi cucmemu, mepexi Xonginda ¢yHkyioHytomb 3a805IKU 3HaxX00KeHHI0 cmabinbHUXx cmaHie abo namepHie y Mexax
HelipoHHOT Mepexi, imimyroyu neeHi ¢pyHkyii nam'ami nrodcbko20 Mo3ky. HewjodaeHi docnidxeHHs e 2any3i iHHogauyiliHux akmueauyiliHux yHKYil
8idkpunu Hoei mMoxnueocmi Onsi 800CKOHaNIeHHs XapaKmepucmuK PeKypeHmMHUx mepex. 3okpema, xaomu4Hi akmueauiliHi ¢pyHKUii € yikasum
Hanpsimkom Anst docnidxkeHb y mepexax Xonginda. Y npornoHoeaHili cmammi npoaHai3oeaHo enue ynpoeadXXeHHs! YuX XaomuyHUX akmueayiliHux
yHKUil y mepexi Xonginda, 3okpema me, sk ixHs Oisi sidob6paxaembcsi Ha cmabinbHocmi, aBanmueHocmi Ui e¢gpekmueHocmi po6omu mepexi. Mema
pobomu — po3Kpumu ernsue xaocy Ha OuHaMiKy mepexi, Hadaro4u HO8i ysefleHHS, fIKi MOMeHYiliIHO MOXymb nidsuwjumu nNPodyKmusHicmb y
3acmocyeaHHsIX, Wo nompebyromb cknadHoi nam'smi U acouyiamueHoi o6pobku. Lle OocnidxeHHs pobumb ea2omMulli 8HECOK y PO38UMOK
HelipoMopgHOI iHXeHepii ma mae eaxxnuee 3HayeHHs1 /i1 WMy4YHO_20 iHmenekmy i HelipoHayKu.

KnwuyoBi cnoBa: HelipoH hxukesuya, mepexa longinda, xaomuyHi akmueayiliHi pyHKYiT, HelipOHHi Mepexi.
ABTOpM 3asBNAIOTb NPO BiACYTHICTb KOHANIKTY iHTepeciB. CnoHcopu He Bpanu yyacTi B po3pobneHHi AoCniaxeHHs; y 36opi, aHanisi umn
iHTepnpeTauii AaHWX; y HanMcaHHi pyKonucy; B pilleHHi Nnpo nybnikauito pesynbTartis.
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