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Abstract
The intersection of physics, electronics, and artificial intelligence (Al) offers
groundbreaking possibilities for advancing both scientific research and technological
development. With the rise of machine learning, intelligent optimization, and data-
driven modeling, Al provides powerful strategies for tackling complex problems in
areas such as quantum mechanics, material discovery, and electronic design. This
paper highlights how Al techniques can accelerate simulations, improve predictive
performance, and streamline experimental processes in physics and electronics.
Particular attention is given to the creative integration of Al algorithms with physical
principles, fostering the development of novel materials, adaptive electronic systems,
and next-generation devices. Potential applications are discussed in quantum
computing, nanoelectronics, and renewable energy technologies, illustrating how Al-
based approaches are reshaping conventional methodologies. By positioning Al at
the core of physics and electronics, this study emphasizes its capacity to transform
research practices, drive technological innovation, and open new avenues for
scientific exploration. To fully harness the potential of Al in this field, it is essential
to encourage the development of physics-informed Al models, which integrate
scientific principles for more accurate predictions. Additionally, fostering
collaboration between physicists, engineers, and Al researchers will help create
interdisciplinary approaches that address complex challenges. Furthermore,
promoting Al-driven platforms for simulating physical systems and supporting the
integration of Al in experimental design and data analysis will significantly accelerate
technological advancements in electronic and energy systems.
Keywords: Artificial Intelligence, Physics, Electronics, Machine Learning, Quantum
Computing, Nanoelectronics, Innovation, Computational Modeling, Renewable
Energy Systems.

Introduction
The integration of artificial intelligence (Al) into physics and electronics has emerged
as a powerful catalyst for innovation. Al techniques such as machine learning, deep
learning, and intelligent optimization are transforming how complex physical systems
are studied, modeled, and applied in practical technologies. Traditionally, solving
problems in quantum mechanics, materials discovery, or semiconductor design
required computationally intensive simulations that often demanded substantial
resources. However, the advent of Al has introduced new methods that significantly
accelerate these processes, improve accuracy, and reduce experimental overhead
Lecun, Yoshua, & Bengio, (2015).

Carleo, Gabriele, & Troyer, Matthias, 2019).(Jain, Amrita, & Wolverton,
2013) (Xie, Zhi, & Grossman, 2018).
Radovic, Ivan, & Jane, (2018). States that the significance of this development lies in
the ability of Al to uncover patterns in large datasets, optimize experimental
conditions, and predict outcomes that would otherwise take years of trial and error.
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By merging creativity and innovation with Al-driven approaches, researchers are able
to push beyond the limitations of conventional methods. For instance, reinforcement
learning now enables autonomous system control, while graph-based models provide
insights into material properties at atomic scales.
This research examines how Al revolutionizes physics and electronics by focusing on
three dimensions: (i) accelerating simulations, (ii) improving predictive modeling, and
(iii) enhancing experimental design. The objective is to establish Al not just as a
computational tool, but as a transformative force in advancing science and
technology.Physics, electronics, and artificial intelligence (Al) are interwoven
disciplines that together form the foundation of many of today’s technological
advancements. Physics electronics focuses on the study and application of electronic
systems such as semiconductors, circuits, and devices, which are essential in modern
technology. These systems enable the development of everything from consumer
electronics to advanced communication networks (Radovic, Ivan, & Jane, 2018). As
electronics continue to evolve, Al plays an increasingly pivotal role in enhancing the
capabilities of these systems. Al techniques, such as machine learning and deep
learning, bring computational power that allows for the automation of complex tasks,
the analysis of large datasets, and the improvement of predictive models, all of which
are essential for advancing electronics and physics (Lecun, Yoshua, & Bengio, 2015).
Innovation emerges when Al is applied creatively to the challenges within
these fields. By leveraging Al, researchers can optimize electronic designs, accelerate
simulations in qguantum mechanics, and improve material discoveries—advancements
that would have previously required enormous computational resources and years of
trial and error Carleo, Gabriele, & Troyer,( 2017). Creativity is central to this process,
enabling the development of novel Al algorithms and systems that push beyond the
boundaries of traditional approaches. For instance, Al is now used to design adaptive
electronic systems, predict energy efficiencies, and even explore quantum computing,
revolutionizing what is possible in these fields Carleo, Gabriele, & Troyer, 2019).
Together, physics electronics, Al, innovation, and creativity are not just advancing
scientific knowledge but also driving the next wave of technological breakthroughs
across various industries.

Literature Review

The application of Al in physics and electronics has gained remarkable momentum in
recent years. Al techniques are being used to solve complex differential equations,
optimize designs, and analyze large datasets generated in both theoretical and
experimental studies Carleo, G., & Troyer, M., (2017). In quantum mechanics,
machine learning models have proven effective in approximating wave functions and
predicting ground-state energies, tasks that are computationally intensive using
traditional approaches Carleo, Gabriele, & Troyer, 2019)

Material science is another domain where Al is driving innovation. Databases such as
the Materials Project provide large-scale information that Al models use to predict
crystal structures and material properties Jain, Amrita, & Wolverton, (2013).

Graph Neural Networks (GNNSs) have been especially effective in capturing atomic
interactions, leading to breakthroughs in discovering superconductors,
semiconductors, and energy storage materials Xie, T., & Grossman, J., (2018).

In electronics, reinforcement learning (RL) and deep learning are transforming circuit
design and optimization. Al models can autonomously generate and optimize layouts




Journal of National Association of Women in Colleges of Education (JOWICE) Vol. 30 No.1, June, 2026 ISSN:1118-5384

for integrated circuits (ICs), significantly reducing design time and power
consumption Mirhoseini, Ali, & O'Reilly, (2021).

Similarly, Bayesian optimization techniques have been applied in photonics
and semiconductor design to achieve inverse modeling, where desired device
characteristics guide the selection of design parameters(Snoek, Jasper, & Larochelle,
2012).

Despite these successes, challenges remain. Al models can suffer from limited
interpretability, raising concerns about the “black box” nature of deep learning Doshi-
(Doshi-Velez, Sanjay, & Kim, 2017).

Additionally, dataset bias and overfitting may reduce the generalizability of
predictions, especially in high-stakes applications such as semiconductor
manufacturing and nanotechnology. To address these issues, researchers are adopting
hybrid strategies, such as Physics-Informed Neural Networks (PINNSs), which
integrate physical laws into machine learning models for improved reliability
according to (Raissi, Maziar, & Karniadakis, 2019).

The reviewed literature indicates that Al offers unprecedented opportunities for
advancing physics and electronics. However, its success depends on balancing
computational efficiency with physical accuracy, ensuring interpretability, and
adopting rigorous validation practices.

Methodology

3.1 Research Design

This study employs a computational and simulation-based approach to explore how
Al can enhance physics and electronics. The design integrates machine learning with
physics-based modeling to improve accuracy and efficiency. A mixed-method
strategy is used, combining computational experiments with theoretical frameworks
and validating Al models against high-fidelity simulations (Goodfellow, lan, &
Bengio, Yoshua, 2016; Li, Hang, & Song, 2020).

3.2 Data Sources

Data are obtained from publicly available repositories such as the Materials Project
and NIST databases, which provide extensive materials and electronic properties(Jain,
Amrita, & Wolverton, 2013).

Synthetic datasets are also generated using COMSOL Multiphysics and MATLAB,
ensuring sufficient benchmarks for Al model training COMSOL Multiphysics User
Guide, (2021).

3.3 Tools and Frameworks

The study employs Python-based frameworks, including TensorFlow and PyTorch for
deep learning, and Scikit-learn for classical ML algorithms. (Pedregosa, Fabian, &
Varoquaux, 2011). Physics-based modeling tools such as COMSOL and MATLAB
are used for generating simulation datasets. Additionally, EDA software is utilized to
validate Al-guided circuit designs. Kahng, A., IEEE Design & Test, (2018).

3.4 Machine Learning Models

Four classes of Al models are applied:

e —
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Physics-Informed Neural Networks (PINNS): to solve PDEs in electromagnetics and
semiconductors (Raissi, Maziar, & Karniadakis, 2019).

Graph Neural Networks (GNNs): to predict material properties and analyze atomic
interactions. (Zhou, Zhi, & Grossman, 2020), Nature Reviews Al, (2020).
Reinforcement Learning (RL): to enable autonomous optimization of devices and
electronic systems .(Sutton, Richard, & Barto, Andrew, 2018).

Bayesian Optimization (BO): to guide inverse design in photonic and semiconductor
structures (Frazier, Peter, 2018).

3.5 Evaluation Metrics

Performance is evaluated using accuracy, mean squared error (MSE), and coefficient
of determination (R?). Computational efficiency and convergence rate are also
considered for optimization tasks.Shalev-Shwartz, S., & Ben-David, S., (2014).

3.6 Validation and Ethical Considerations

Al outputs are validated against results from high-fidelity simulations such as FEM
and DFT, as well as published experimental studies. Behler, J., J. (2016). Ethical
considerations include adherence to FAIR (Findable, Accessible, Interoperable,
Reusable) data principles and ensuring transparency for reproducibility. Risks such as
data bias.

Results and Discussion

4.1 Results

The integration of artificial intelligence (Al) into physics and electronics has yielded
remarkable outcomes across simulations, material discovery, and circuit design.
Several studies demonstrate improvements in computation speed, predictive accuracy,
and system optimization compared to traditional methods.

Table 1 below summarizes some of the most significant applications of Al in physics
and electronics, along with their performance metrics.

Table 1: Summary of Al Methodologies in Physics and Electronics

Method Al Approach Application Area Performance Metrics
. . Physics-Informed  Electromagnetic &  Reduced computation time;
Simulation of . . .
PDEs Neural Nets semlponductor higher accuracy (Raissi et al.,
(PINNSs) physics 2019)
Material Graph Neural Band gap & 92% accuracy; reduced error
property Net\F/)vorks (GNNs) conductivity vs DFT (Xie & Grossman,
prediction modeling 2018)
20% power reduction; 30%
Circuit Reinforcement Integrated circuit faster design cycle
optimization Learning (RL) layout design (Mirhoseini, Ali, & O'Reilly,
2021)
0 o
Photonic Bayesian Inverse photonic 40% fewer iterations vs

brute-force (Snoek, Jasper, &

system design  Optimization (BO) design Larochelle, 2012)
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In addition to tabular results, comparative improvements can be visualized. Figure 1
illustrates the efficiency gains achieved by Al compared to traditional approaches.

Figure 1: Comparative Efficiency of Al Models in Physics and Electronics

Figure 1: Comparative Efficiency of Al vs Traditional Approaches

100 B Traditional Methods

I Al Approaches

80

60

40

Efficiency (Relative Scale)

20

\_\\3{\0“ . s(,()“eﬂ

. 065.‘9“ e 06‘3\9“

cxes® o™

\
f\a\ © ?“0

S\
?OE Ma‘e

PINNs achieve faster and more accurate solutions than finite element methods
(FEM).

GNNs outperform DFT in predicting electronic band gaps.

RL improves circuit optimization compared to EDA tools.

Bayesian Optimization reduces computational cost in photonic design
compared to brute-force search.
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4.2 Discussion

The results confirm that Al-driven approaches significantly enhance efficiency and
accuracy across multiple domains. PINNSs integrate physical constraints directly into
neural networks, addressing the “black-box” challenge of conventional deep learning
and making simulations both interpretable and robust (Karniadakis, George, &
Papaioannou, 2021). GNNs demonstrate that atomic and electronic interactions can
be modeled more effectively when represented as graphs, thereby accelerating
material discovery pipelines(Zhou, Zhi, & Grossman, 2020).

In electronics, RL-based models improve circuit design by autonomously
generating layouts optimized for energy efficiency and speed, outperforming
traditional Electronic Design Automation (EDA) tools (Kahng, 2018). Bayesian
optimization further shows the strength of probabilistic Al methods in managing
uncertainty during high-dimensional optimization tasks (Frazier, 2018).

Despite these advances, several limitations exist. Al models require large,
high-quality datasets for training, which can be scarce in highly specialized physics
experiments. Additionally, interpretability and reproducibility remain ongoing
challenges (Doshi-Velez & Kim, 2017). The interdisciplinary expertise needed to
integrate Al into physics and electronics also highlights the need for collaborative
research.

Overall, the discussion underscores that Al not only serves as a computational
accelerator but also as a creative tool for innovation in physics and electronics.

Conclusion and Recommendations

5.1 Conclusion

This study demonstrates that artificial intelligence is revolutionizing physics and
electronics by enhancing computational simulations, accelerating material discovery,
and enabling intelligent electronic design. The incorporation of methods such as
PINNs, GNNs, RL, and Bayesian optimization significantly improves accuracy,
efficiency, and design outcomes compared to traditional approaches.

By bridging physics-based modeling with machine learning, Al helps overcome
challenges of scalability, speed, and prediction in complex systems. The findings
confirm that Al is not merely a supportive tool but a transformative driver of
innovation and creativity in science and engineering.

5.2 Recommendations

1. Dataset Development — Establish open-access, domain-specific datasets in physics
and electronics to support training of advanced Al models.

2. Hybrid Modeling Approaches — Encourage the development of physics-informed
Al models that combine theoretical laws with data-driven learning.

3. Cross-Disciplinary Training — Introduce collaborative research and education
programs that bridge physics, electronics, and Al to reduce skill gaps.

4. Ethical and Interpretable Al — Promote research into interpretable Al to ensure
trustworthiness and reproducibility in scientific applications.
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5. Industry-Academic Partnerships — Foster collaborations between academia and
industry to accelerate the transition of Al-driven methods into practical
technological solutions
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