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Abstract 
Artificial Intelligence (AI) has become one of the most influential technologies in modern science, 

significantly impacting how physics is researched, taught, and understood. This paper presents a 

comprehensive review of how AI is transforming the landscape of physics research and education. It discusses 

how AI-powered computational tools accelerate data analysis, assist in experimental design, and simulate 

complex systems. The study also explores how AI contributes to physics education through adaptive learning, 

intelligent tutoring systems, and virtual laboratory environments. Using a thematic review of recent works 

from 2015 to 2025, this paper identifies the emerging trends in AI-driven discovery, the integration of 

machine learning models in theoretical and experimental physics, and the evolution of AI-based pedagogy. 

Moreover, special emphasis is given to India’s growing adoption of AI technologies in physics learning 

environments, such as IITs, IISc, and NPTEL platforms. Finally, the paper suggests potential research 

directions for integrating AI ethics, transparency, and interpretability into physics research and education. 

The findings highlight that AI is not merely a supporting tool but a transformative force redefining the 

methodologies and philosophies of modern physics. 
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Computational Physics, NPTEL 

 

 

1. Introduction 

Artificial Intelligence (AI) is reshaping nearly 

every scientific discipline, and physics — with its 

reliance on data, theory, and experimentation — is 

witnessing one of the most profound 

transformations. Traditionally, physics research and 

education have depended heavily on mathematical 

models, theoretical predictions, and manual data 

interpretation. However, the rise of AI and machine 

learning (ML) has introduced new ways to process 

vast datasets, identify patterns in complex systems, 

and automate repetitive scientific tasks. This shift is 

redefining the nature of discovery, experimentation, 

and learning in physics (Jordan & Mitchell, 2015). 

The integration of AI in physics can be broadly 

categorized into three dimensions. First, AI in 

physics research, where machine learning 

algorithms are being used to model quantum 

systems, predict material properties, and analyse 

astronomical data. Second, AI in experimentation, 

where intelligent systems automate the design and 

control of physical experiments, reducing human 

bias and error. Third, AI in education, where 

adaptive learning tools, virtual laboratories, and 

intelligent tutoring systems are enhancing how 

physics is taught and learned. 

In India and across the globe, AI is enabling new 

frontiers of research that were once 

computationally or experimentally impossible. For 

instance, deep learning has been used to predict the 

behaviour of high-energy particles in particle 

accelerators, while reinforcement learning 

algorithms now help optimize complex experiments 

(Carleo et al., 2019). Similarly, AI-based 

educational tools are enabling students in remote or 

under-resourced areas to access high-quality, 

interactive physics content — as seen in NPTEL 

and SWAYAM platforms powered by intelligent 

analytics. 

This paper aims to review and analyse how AI is 

transforming the field of physics from both 

research and educational perspectives. The 

objectives are: 

1. To summarize how AI technologies are 

currently applied in physics research and 

experimentation. 

2. To explore how AI-driven tools are reshaping 

physics teaching and learning processes. 

3. To identify the existing challenges, ethical 

concerns, and future research directions. 
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2. Literature Review 

The literature on Artificial Intelligence in physics 

can be classified into four major thematic domains: 

(1) AI in theoretical and computational physics, (2) 

AI in experimental and observational physics, (3) 

AI in physics education and learning environments, 

and (4) AI tools and frameworks supporting physics 

research. Each of these themes represents a unique 

dimension of how AI contributes to the evolution of 

physics as both a science and an educational 

discipline. 

 

2.1 AI in Theoretical and Computational Physics 

One of the earliest and most impactful uses of AI in 

physics has been in computational modeling and 

theoretical prediction. Theoretical physics often 

deals with complex, multi-variable systems that are 

difficult to solve using traditional mathematical 

methods. AI, particularly machine learning (ML) 

and deep learning (DL), has become a powerful 

alternative for approximating solutions and 

discovering new laws. 

Carleo and Troyer (2017) demonstrated that neural 

networks could represent quantum many-body 

wave functions, introducing a concept known as the 

Neural Network Quantum State (NNQS). This 

method revolutionized computational physics by 

offering a way to approximate quantum systems 

that were previously computationally intractable. 

Similarly, Carrasquilla and Melko (2017) used deep 

learning to identify phase transitions in physical 

systems, showing how AI could automate one of 

the most fundamental analytical tasks in physics. 

In recent years, AI models such as graph neural 

networks (GNNs) and transformers have been 

increasingly used in condensed matter and high-

energy physics (Gong et al., 2022). These models 

can encode the symmetry and structure of physical 

systems more naturally, making them ideal for 

predicting material properties and simulating 

particle interactions. For example, Zhang et al. 

(2021) applied graph-based learning to discover 

new superconducting materials, significantly 

reducing the time and cost of discovery compared 

to conventional computational approaches. 

Moreover, AI techniques have enabled symbolic 

regression — the process of deriving mathematical 

formulas from data. Udrescu and Tegmark (2020) 

showed that AI can rediscover classical physical 

laws, such as Newton’s laws of motion, directly 

from experimental datasets. Such findings suggest 

that AI is not only accelerating theoretical research 

but also participating in knowledge discovery itself. 

 

 

 

2.2 AI in Experimental and Observational 

Physics 

Experimental physics involves the design, 

operation, and interpretation of experiments — all 

of which can benefit from automation and 

intelligent data processing. AI technologies have 

made substantial progress in areas such as data 

analysis, instrument control, and experiment 

optimization. 

In high-energy physics, experiments like those at 

CERN’s Large Hadron Collider (LHC) produce 

petabytes of data annually. Deep learning 

algorithms have been employed to sift through this 

data, identifying rare particle collision events that 

might indicate new physical phenomena (Baldi et 

al., 2014). Similarly, in astrophysics, AI systems 

have been used to classify galaxies, detect 

exoplanets, and predict cosmic events from 

telescope data (Hezaveh et al., 2017). 

AI-driven autonomous laboratories are another 

emerging trend. These labs use reinforcement 

learning agents to plan and conduct experiments 

with minimal human supervision. A recent study by 

MacLeod et al. (2020) introduced an “AI scientist” 

capable of performing material synthesis 

experiments autonomously. Such systems can 

conduct thousands of trials faster and more 

efficiently than human researchers, suggesting a 

future where AI may become a co-investigator in 

scientific research. 

In experimental condensed matter physics, AI 

assists in the optimization of experimental 

parameters, noise reduction, and signal 

interpretation (Arsenault et al., 2020). For example, 

in plasma physics, machine learning is used to 

predict disruptions in fusion reactors, enhancing 

safety and control (Kates-Harbeck et al., 2019). 

These advances illustrate how AI enhances not only 

the speed but also the precision and reliability of 

experimental physics. 

 

2.3 AI in Physics Education and Learning 

Environments 

AI has also brought a major shift in physics 

education. Traditional physics teaching relies 

heavily on lectures, textbooks, and manual 

problem-solving. AI, however, allows for 

personalized, adaptive, and interactive learning 

experiences that improve conceptual understanding 

and engagement. 

Intelligent Tutoring Systems (ITS) such as Andes 

Physics Tutor and Cognitive Tutor Physics use AI 

algorithms to assess a student’s problem-solving 

process and provide step-by-step feedback 

(VanLehn et al., 2005). In India, platforms like 

NPTEL and SWAYAM have integrated AI-based 

analytics to evaluate learner behaviour, adapt 
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course content, and provide personalized 

recommendations. These developments make 

physics learning more inclusive and accessible, 

particularly for students from remote or under-

resourced backgrounds. 

Virtual and augmented reality (VR/AR) powered by 

AI have also made complex physics concepts more 

visual and experiential. For instance, students can 

simulate experiments in electromagnetism or 

quantum mechanics using virtual labs such as IIT 

Bombay’s Virtual Physics Lab and Amrita Vishwa 

Vidyapeetham’s Online Labs (OLabs). These tools 

became especially crucial during the COVID-19 

pandemic, where AI-assisted virtual experiments 

allowed continuity of practical learning. 

In addition, AI-based automated grading systems 

and natural language processing (NLP) tools assist 

educators in evaluating conceptual answers and lab 

reports (Condor A., 2020). The incorporation of AI-

driven chatbots as virtual tutors is another 

promising development, offering 24×7 guidance 

and resolving student queries in real time. 

 

2.4 AI Tools and Frameworks Supporting 

Physics Research 

The implementation of Artificial Intelligence in 

physics is supported by a wide variety of 

computational frameworks, libraries, and open-

source platforms. These tools make it possible for 

physicists to apply complex AI models without 

necessarily having deep expertise in computer 

science. 

Commonly used tools include TensorFlow, 

PyTorch, and Scikit-learn, which are general-

purpose machine learning frameworks extensively 

employed for modeling physical data. For instance, 

TensorFlow Quantum combines traditional machine 

learning with quantum computing techniques to 

study quantum systems (Broughton et al., 2020). 

Similarly, DeepMind’s AlphaFold, though 

originally developed for protein folding, has 

inspired similar physics-based AI architectures 

capable of predicting crystal structures and 

materials properties (Senior et al., 2020). 

In computational physics, frameworks such as 

DeepXDE and Physics-Informed Neural Networks 

(PINNs) are gaining popularity for solving 

differential equations governing physical systems 

(Raissi et al., 2019). These networks incorporate 

the governing physical laws directly into the 

learning process, ensuring that AI predictions 

remain consistent with established theories. 

Indian research institutes have also adopted these 

frameworks. The Inter-University Centre for 

Astronomy and Astrophysics (IUCAA) and IIT 

Madras have utilized TensorFlow and PyTorch in 

projects for gravitational wave data analysis and 

solar physics prediction models. These 

developments underline how accessible AI tools are 

helping integrate data-driven discovery into Indian 

physics research infrastructure. 

Moreover, collaborative platforms such as Google 

Colab, Hugging Face, and Kaggle host numerous 

open-access AI models trained on physics datasets. 

This democratization of resources encourages 

interdisciplinary participation and accelerates 

progress. Thus, the availability of such frameworks 

represents a foundational element in the 

transformation of modern physics. 

 

3. Critical Analysis and Synthesis 

The reviewed literature clearly indicates that AI is 

not merely a computational aid but a transformative 

agent across all levels of physics research and 

education. However, a deeper analysis reveals both 

opportunities and challenges that determine the 

extent of this transformation. 

3.1 Integration and Interdisciplinary 

Collaboration 

The most significant benefit of AI in physics is its 

ability to foster interdisciplinary collaboration. 

Physicists are increasingly working alongside data 

scientists and AI engineers to interpret results and 

optimize models. For example, quantum physicists 

use AI not only for data interpretation but also for 

conceptual modeling, helping bridge gaps between 

theory and experiment (Carleo et al., 2019). This 

integration enhances research quality and 

efficiency, but also demands new training programs 

that combine AI literacy with physics expertise. 

In India, institutions like IISc Bangalore and IIT 

Kharagpur have introduced interdisciplinary 

programs in AI and computational physics. Such 

initiatives are essential to prepare the next 

generation of physicists who can navigate the data-

intensive landscape of future research. 

 

3.2 Accuracy, Transparency, and Interpretability 

While AI brings speed and automation, it also 

introduces black-box challenges. Deep learning 

models often make highly accurate predictions 

without providing transparent reasoning for their 

outcomes. This lack of interpretability is 

problematic for physics, where understanding 

underlying principles is central to scientific inquiry 

(Rudin, 2019). 

To address this, emerging research focuses on 

Physics-Informed AI (PIAI), which embeds 

physical constraints into machine learning 

architectures. This ensures that predictions not only 

fit the data but also obey known physical laws 

(Raissi et al., 2019). Despite this progress, 

interpretability remains a key research gap, 
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particularly in high-dimensional problems such as 

plasma turbulence or quantum many-body systems. 

 

3.3 Ethical and Educational Challenges 

In educational contexts, AI raises new ethical 

questions. For instance, while adaptive learning 

tools personalize instruction, they also collect 

sensitive learner data, which may raise privacy 

concerns. Moreover, overreliance on AI tutors 

might reduce the human element of mentorship — 

an essential aspect of learning science (Holmes et 

al., 2021). 

In India, many rural colleges still lack reliable 

internet or computational resources to implement 

AI-driven learning. Although platforms like 

NPTEL, SWAYAM, and AICTE’s NEAT initiative 

are bridging this gap, disparities in access remain. 

Therefore, policymakers must balance AI 

integration with infrastructure development and 

teacher training. 

 

3.4 Limitations in Current Research 

Despite impressive progress, existing literature has 

certain limitations: 

 Most AI-based physics studies focus on model 

performance rather than interpretability or 

reproducibility. 

 Limited datasets restrict the generalization of 

AI models, particularly in emerging fields such 

as nuclear or plasma physics. 

 Educational AI research often emphasizes 

technology rather than pedagogy — there is a 

need to assess learning outcomes empirically 

(Taneja & Arora, 2023). 

Furthermore, cross-domain knowledge sharing 

between physicists and AI specialists remains 

fragmented. Addressing these gaps will require 

collaborative frameworks, open-access repositories, 

and global cooperation. 

 

3.5 Synthesis of Trends 

A synthesis of the reviewed works shows a clear 

pattern: 

1. Automation and Acceleration: AI drastically 

reduces the time required for simulations and 

experiments. 

2. Data-Driven Discovery: New physical insights 

are emerging from AI analysis of massive 

datasets. 

3. Personalized Education: AI enhances 

accessibility and engagement in learning. 

4. Emerging Indian Context: National initiatives 

and institutional efforts indicate a growing 

acceptance of AI in Indian physics education 

and research. 

Overall, AI represents a paradigm shift from a 

deterministic, equation-based view of physics to a 

data-driven, adaptive, and interdisciplinary 

framework for discovery. 

 

4. Conclusion and Future Research Directions 

This review paper has discussed how Artificial 

Intelligence is fundamentally transforming physics 

from computational modeling and experimental 

automation to personalized education and 

simulation-based learning. Across all domains, AI 

has shown its ability to accelerate research, enhance 

precision, and improve access to knowledge. 

However, this transformation also raises new 

challenges. The integration of AI in physics 

requires addressing concerns about interpretability, 

ethical data use, and equitable access to technology. 

In educational contexts, there is a continuing need 

to train educators and students in AI literacy and 

critical thinking, ensuring that the human element 

of curiosity and creativity remains central to 

physics learning. 

Future Research Directions 

1. Explainable AI for Physics: Develop 

interpretable models that reveal the physical 

reasoning behind AI predictions. 

2. Hybrid Quantum–AI Systems: Explore 

quantum machine learning as a tool for 

simulating complex systems. 

3. AI-Integrated Pedagogy: Empirically evaluate 

how AI-based tools affect student 

comprehension, retention, and problem-solving 

skills. 

4. Ethical and Responsible AI in Science: 
Formulate ethical frameworks to ensure 

transparency and fairness in AI-driven research. 

5. India-Specific Initiatives: Expand AI-enabled 

virtual labs and open educational resources in 

regional languages to enhance inclusivity. 

In conclusion, AI has become not just a 

technological tool but a philosophical partner in 

physics — one that complements human intuition, 

enhances creativity, and redefines the very process 

of scientific discovery. 
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