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This article explores the current trend of using neural networks in teaching physics at the university level. The topic's
relevance stems from the need to transform traditional teaching methods to meet the expectations of a new generation of
students accustomed to interactive formats and digital technologies. The study aims to analyze modern neural network
technologies employed in teaching various sections of physics, evaluate their effectiveness, and outline prospects for
further development in this area. The research is based on a review of scientific publications on the subject and practical
experiences of implementing neural network technologies in leading universities worldwide. The methodology involves
systematic analysis, comparison, and generalization of existing neural network solutions. A detailed analysis of specific
neural network technologies applied to different branches of physics is presented: long short-term memory (LSTM) and
convolutional neural networks (CNN) for mechanics; generative adversarial network (GAN) and graph neural networks
(GNN) for electromagnetism; deep reinforcement learning network (DRL) for thermodynamics; variational autoencoders
network (VAE) and residual network (ResNet) for quantum physics; and deep convolutional networks and transformers
for astrophysics.

The results demonstrate that implementing neural network technologies significantly enhances learning efficiency,
facilitates the visualization of complex physical processes, automates computations, and enables personalized learning. It
has been established that the application of various neural network architectures in the educational process fosters the
development of critical thinking, a deeper understanding of physical concepts, and practical data-handling skills among
students. Promising directions for further development include the creation of multimodal systems, the development of
adaptive learning platforms, and the integration of virtual reality with neural network models.

Keywords: neural networks, artificial intelligence, teaching physics, visualization, modeling, computational physics,
deep learning, educational technologies.
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INTRODUCTION

Modern university-level physics education faces
several challenges, among which the difficulty of
presenting complex theoretical concepts in an accessible
format is particularly significant [1]. Traditional teaching
methods often fail to meet the demands of the new
generation, which is more familiar with interactive
learning formats and digital tools.

Neural networks, as the foundation of modern artificial
intelligence systems, offer unprecedented opportunities to
transform the educational process in physics [2]. They
enable the creation of dynamic models of physical
phenomena, the visualization of abstract concepts, the
automation of routine calculations, and the provision of
personalized learning experiences [3].

The aim of this article is to analyze current neural
network technologies utilized in teaching different sections
of physics, assess their effectiveness, and outline the future
potential of this area. This study is based on a
comprehensive review of scientific literature and the
practical experiences of integrating neural network
technologies into the educational processes of leading
universities.

NEURAL NETWORK TECHNOLOGIES IN
TEACHING MECHANICS

Mechanics, as a fundamental branch of physics, forms
the basis for further study of natural sciences. To improve
the effectiveness of teaching mechanics, the architecture of
neural networks such as long short-term memory, which
allows modeling dynamic systems with high accuracy, has
become widely used [4]. The process of modeling dynamic
systems using a neural network is shown in Fig. 1.
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Fig. 1. Schematic visualization of the LSTM neural
network modelling of body motion.

The PhysicsNet system, developed by researchers at the
Massachusetts Institute of Technology, uses recurrent
neural networks to predict the movement of bodies in a
gravitational field, taking into account various factors of
influence [5]. This system allows students to observe the
change in motion trajectories when the initial conditions
are modified in real time, which contributes to a deeper
understanding of Newton's laws and conservation
principles.

Another promising area is the use of convolutional
neural networks to analyze videos of physical experiments.
The MotionAnalyst system, developed at Stanford
University, allows you to automatically detect and analyze
the movement of objects in the video, build graphs of speed
and acceleration versus time [6]. This greatly simplifies the
process of processing experimental data and allows
students to focus on interpreting the results rather than on
mechanical calculations.

APPLICATION OF NEURAL NETWORKS IN
TEACHING ELECTROMAGNETISM

Electromagnetism is characterized by concepts that are
difficult to visualize, such as electromagnetic fields and
waves. To overcome this problem, specialized neural
network architectures based on generative adversarial
networks have been developed.

As shown in Fig. 2, the FieldVisualizer is a system that
uses GANSs to generate three-dimensional visualizations of
electromagnetic fields based on specified parameters [7].

[Input Parameters]
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F—— Strength
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[3D Vector Field Image (Colored Vectors)]
!

[Interactive Viewport for Student]

Fig. 2. Schematic visualization of the FieldVisualizer
neural network generating 3D images of electromagnetic
fields.

This technology allows you to display invisible
physical fields, demonstrate their interaction and dynamics
in space and time. Students can interact with these
visualizations by changing the parameters of field sources
and observing the results of changes.
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To analyze complex electrical circuits, the
CircuitSolver neural network based on graph neural
networks was developed [8]. This system is able to
recognize circuit elements from students' handwritten
notes, automatically convert them into digital circuits, and
analyze their operation, including calculating currents,
voltages, and powers. Thus, students receive instant
feedback on the correctness of their solutions.

NEURAL NETWORKS IN TEACHING
THERMODYNAMICS AND STATISTICAL
PHYSICS

Thermodynamics and statistical physics operate with
abstract concepts describing the behavior of large
ensembles of particles. Deep reinforcement learning
networks are particularly effective for modeling such
systems.

The ThermoSim system, developed at the University of
Tokyo, utilizes DRL architectures to simulate
thermodynamic processes under varying conditions [9].
This system enables the visualization of molecular
dynamics, the demonstration of phase transitions, and other
complex phenomena at the microscopic level, thereby
enhancing students' understanding of macroscopic
thermodynamic laws (Fig. 3).
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Fig. 3. Schematic  visualization of the system's

interaction with the thermodynamic environment by the
ThermoSim neural network.

For analyzing data from thermodynamic experiments,
the EntropyPredictor neural network is used. Built on a
hybrid architecture combining recurrent and convolutional

layers, this system predicts entropy changes in complex
systems based on input parameters [10]. It supports a
clearer understanding of the second law of
thermodynamics and its practical implications.

QUANTUM PHYSICS AND NEURAL
NETWORK TECHNOLOGIES

Quantum physics is notoriously challenging due to its
counterintuitive nature. To support learning in this field,
the QuantumVisualizer neural network, as shown in Fig. 4,
based on variational autoencoders, has been developed
[11].

The QuantumVisualizer system
visualization of wave functions and quantum states, and
illustrates concepts such as the Heisenberg uncertainty
principle and quantum superposition in an interactive
manner. This system also includes a module for simulating
quantum experiments, such as the double-slit experiment
entanglement, allowing students to
experiment with parameters and observe real-time

enables  the

and quantum

outcomes.

To solve the Schrédinger equation for complex
quantum systems, the neural network, utilizing a deep
residual network architecture, is employed [12]. This
system can provide approximate solutions for quantum
systems where analytical methods are inefficient or
unavailable, significantly broadening the scope for
educational exploration.
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Fig. 4. Schematic representation of quantum state
visualization by the QuantumVisualizer neural network.

NEURAL NETWORKS IN ASTROPHYSICS
AND COSMOLOGY

Astrophysics and cosmology operate with huge
amounts of data obtained from telescopes and other
astronomical instruments. To analyze this data, the
CosmicNet system based on deep convolutional neural
networks was developed [13].

CosmicNet is capable of classifying galaxies, detecting
exoplanets, and analyzing spectral data of stars (Fig. 5).
The system also includes a module for visualizing
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cosmological simulations, allowing students to observe the
evolution of the universe from the Big Bang to the present.

The GravityWaveNet neural network, built on the basis
of transformers, is used to analyze gravitational waves
recorded by the LIGO and Virgo detectors [14]. This
system allows detecting and classifying gravitational wave
signals from various astrophysical sources, which opens up
new opportunities for studying extreme objects of the
Universe.

[Input: Astronomical Image]
{

+

|  Convolutional Layers |

| (Feature extraction, pooling) |

n
{

[Galaxy Classification (e.g., Spiral, Elliptical)]
{

[Tag + Database Visualization]

Fig. 5. Schematic visualization of galaxy classification
by the CosmicNet neural network.

CONCLUSIONS

The analysis of current neural network technologies in
physics education demonstrates their substantial potential
to transform teaching methodologies. The application of
various neural network architectures to different sections
of physics effectively addresses challenges related to data
visualization, modeling, and analysis.

Integrating neural networks into the educational
process fosters critical thinking, an intuitive understanding
of physical principles and practical data handling skills.
Furthermore, these technologies facilitate personalized
learning by adapting to each student's individual pace and
needs.

Promising areas for future neural network application
development in physics education include creating
multimodal systems integrating text, images and videos,
developing adaptive learning platforms, and incorporating
virtual and augmented reality into neural network-based
learning environments.

Further research should focus on evaluating the
effectiveness of different neural network architectures for
specific  educational tasks, developing integration
strategies for traditional curricula and training educators to
use these technologies effectively.
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MEPEX: CYYACHI NigXogu TA IHCTPYMEHTHU
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V crarTi JOCIIIKYIOThCS Cy4acHi TeHCHLIi BUKOPHCTAHH HEHPOHHUX MEpeX IPH BUK/IAIaHHi (Bi3UKK B 3aK1ajax BUILOT OCBITH.
AKTyanbHICTh TEMH 3yMOBJIICHA HAarajlbHOI HEOOXINHICTIO TpaHchopMalii TpagulliiHHX METOMIB HAaBYaHHS JUIS BiIIMOBITHOCTI
O4iKyBaHH;IM HOBOTO ITOKOJIIHHS CTY/ICHTIB, SIKE 3BUKJIO JI0 iIHTepakTUBHUX (popmaTiB Ta HUPPOBUX TEXHOIOTIi. METO0 JOCITIHKEHHS
€ aHaNi3 Cy4YaCHHX TEXHOJIOTiH HEHpPOHHUX Mepexk, SKi 3aCTOCOBYIOTHCS Yy BHKJIAJAHHI PI3HUX PO3XUTIB (i3UKH, OMiHKA iX
e(eKTUBHOCTI Ta OKPECJICHHS MEPCIEKTUB MOJAJBIIOT0 PO3BUTKY B il cdepi. HocimipkeHHs 6a3yeThesi Ha PETEIBHOMY OTJISII
HayKOBUX ITyOJIKaIliif 3 I1i€l TeMaTHUKH Ta Ha MPaKTHYHOMY JOCBi/i BIIPOBA/KEHHSI HEHPOHHUX MEPEeX Y MPOBITHUX yHIBEPCHUTETax
cBiTY. MeTononoris AOCHiKeHHS mependavyae CUCTEMHHH aHalli3, MOPIBHSAHHA Ta y3arajJbHEHHS HasBHUX pIIIEHb HAa OCHOBI
HeWpoHHHX Mepex. [IpencraBieHo feTanbHUil aHANI3 KOHKPETHUX TEXHOJIOTIH HEWPOHHUX MEpEeX, 3aCTOCOBAHMX Y PI3HUX Taily3six
Gi3uKH: Mepeka 3 JTOBFOTPHBAIOI0 KopoTkodacHoro mam’satTio (LSTM) i 3roprkoBa HedponHa Mepexa (CNN) - must MexaHIKH;
reHepatuBHa 3mMaranbHa Mepexa (GAN) 1 rpadosa HeliponHa Mepexa (GNN) - 1715 enekTpoMaraeTH3My; IIMO0KI HEHPOHHI Mepexi 3
nigkpimrenHsaM (DRL) - s TepmoaunamMiky; HelipoMepeka, mo 6a3yeTscs Ha Bapianiitanx aBroeHkonepax (VAE) i Heiipomepexa,
sIKa BUKOPHCTOBY€E apXITEKTypy TIMOOKHX 3anMIIKOBHX Mepex (ResNet) - mra xBaHTOBOI1 (pi3wkm; rimbOKi 3rOPTKOBI MEpexi Ta
TpaHchopMepH - IS aCTPOdi3uKH.

Pe3ynbTaTi NMOKa3yroTh, 0 BIPOBA/UKCHHS TEXHOJIOTIH HEHPOHHUX MEPEX CYTTEBO MiJBHUIILYE €EeKTUBHICTh HABYAHHS, CIIpUsE
Bizyaizamii cKiIaaHuX (i3HIHUX MPOIECiB, aBTOMATH3y€e O0UYHCIICHHS Ta 3abe3redye nepcoHalli3oBaHe HaBUYaHHs. BeTaHoBIIEHO, IO
3aCTOCYBaHHS PI3HUX apXiTEKTyp HEHPOHHUX MEPEeXK y HABUAILHOMY IIPOLECI CIPHUsIE€ PO3BUTKY KPUTHYHOTO MHUCIEHHS, TIHOIIOMY
PO3YMiHHIO (I3UYHUX TMOHATH 1 (OPMYBAHHIO MPAKTUYHUX HABHYOK POOOTH 3 EKCIIEPUMEHTAIPHUMH NAHUMH Yy CTYAEHTIB.
[MepcrieKTMBHUMH HaNpsIMaMHM ITOJaJbIIOTO PO3BUTKY € CTBOPEHHS MYJIBTUMOJAIBHUX CHUCTEM, PO3pOOKa aJallTHBHUX HAaBYAIBHHX
IaTGOPM Ta IHTETpallis BipTyadbHOI PEaTbHOCTI 3 MOJIEIIIMU HEHPOHHUX MEPEK.

Kniouosi cnoesa: neiiponuni mepesici, wmyuyHuil inmenekm, SUKIAOAHHS Qizuxu, Gi3yanizayisi, MoOeno8amHsl,
obuuUC08aNbHA Qi3uKa, eTUOOKe HAGUAHHS, OCGIMHI MEXHOI02IL.
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