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Abstract 
The integration of Artificial Intelligence (AI) into physics research and applications has opened new avenues for data analysis, simulation, and 
theoretical modeling. However, the adoption of AI in the physics community is accompanied by several challenges and apprehensions. This 
study investigates the key obstacles faced by physicists in embracing AI-driven methodologies, including concerns over data reliability, model 
interpretability, computational resource demands, and the potential erosion of traditional analytical skills. Ethical issues related to transparency, 
bias in algorithmic predictions, and the reproducibility of AI-assisted results are also explored. Through an extensive literature review and expert 
perspectives from different physics subfields, the research identifies gaps in technical expertise, infrastructure readiness, and interdisciplinary 
collaboration as critical barriers. The findings suggest that fostering AI literacy among physicists, ensuring explainable models, and promoting 
open-source frameworks can significantly alleviate these concerns. Ultimately, this study emphasizes the need for a balanced approach that 
integrates AI as a complementary tool—enhancing, rather than replacing, the scientific intuition and rigor that define the discipline of physics. 
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1. Introduction 
The rapid advancement of Artificial Intelligence (AI) has 
revolutionized scientific inquiry across multiple disciplines, 
from biology and medicine to astronomy and materials 
science. Within the domain of physics, AI has emerged as a 
transformative force capable of processing vast datasets, 
optimizing complex simulations, and uncovering hidden 
patterns in experimental and theoretical research. Machine 
learning algorithms, neural networks, and automated 
modelling tools are increasingly being integrated into areas 
such as particle physics, quantum mechanics, astrophysics, 
and condensed matter studies. These developments have 
enabled physicists to push the boundaries of discovery by 
accelerating data interpretation and facilitating more accurate 
predictive models. 
Despite its promising potential, the adoption of AI within the 
physics community remains uneven and, in many cases, met 
with cautious scepticism. Traditional physics research has 
long relied on analytical reasoning, mathematical formalism, 
and empirical validation — approaches that ensure 
transparency, reproducibility, and theoretical clarity. AI-
driven models, however, often function as “black boxes,” 
generating results that may be accurate but difficult to 
interpret or validate within established scientific frameworks. 
This lack of interpretability, coupled with concerns over data 
quality, algorithmic bias, and computational resource 
intensity, has generated apprehension among physicists who 
value methodological precision and theoretical coherence. 
Furthermore, the transition toward AI-assisted research raises 

questions about the future of scientific expertise and the 
evolving role of physicists. There is apprehension that over-
reliance on automated systems could erode foundational 
analytical skills and reduce the depth of human intuition in 
problem-solving. Ethical and epistemological challenges also 
surface, particularly regarding transparency in AI decision-
making, reproducibility of results, and accountability for 
errors or biases embedded in algorithmic processes. In 
addition, disparities in access to computational infrastructure, 
limited AI literacy, and insufficient interdisciplinary 
collaboration hinder the widespread and effective integration 
of AI technologies across physics subfields. 
In light of these complexities, this study seeks to examine the 
principal challenges and apprehensions associated with 
adopting AI in physics research. By reviewing contemporary 
literature and incorporating expert insights, it aims to identify 
the key barriers—technical, ethical, and institutional—that 
shape physicists’ perceptions of AI. The paper further 
explores strategies for fostering trust and competency in AI 
applications, emphasizing the importance of explainable 
models, open-source frameworks, and interdisciplinary 
education. Ultimately, this research advocates for a balanced 
integration of AI in physics—one that augments human 
creativity and theoretical rigor rather than replacing them—
ensuring that AI serves as a complementary instrument in the 
ongoing pursuit of scientific understanding. 
 
2. Background and Motivation 
AI methods already provide practical value in physics: 
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speeding simulations with learned surrogates, improving 
experimental image reconstruction, automating anomaly 
detection in complex detectors, and assisting in materials 
discovery. Physics-informed ML (PIML) methods — which 
embed physical constraints or priors into learning 
architectures — aim to combine data efficiency with 
physically consistent predictions and are a prominent 
approach for addressing domain-specific demands (e.g., 
conservation laws, symmetries). Recent community 
documents and reviews highlight both rapid technical 
advances and persistent methodological gaps that matter for 
scientific reliability. 
 
3. Literature Snapshot 
A selection of recent and influential analyses identifies 
recurring themes: 
i). Interpretability and Scientific Explanation: Machine 

learning models often trade interpretability for predictive 
performance; physicists worry this undermines 
explanatory aims of science. Recent reviews argue that 
interpretability is essential to trusting ML outputs in 
physics and to enabling human–AI scientific 
collaboration. 

ii). Reproducibility and Transparency: There is concern 
that ill-documented ML pipelines, undisclosed 
hyperparameters, or unavailable training data/models are 
contributing to irreproducible results in scientific 
literature. Investigative commentaries warn of a potential 
reproducibility crisis if AI use is not accompanied by 
stronger transparency practices. 

iii). Ethics and Scientific Norms: Use of AI raises ethical 
questions: who benefits from automation, how bias or 
hidden assumptions affect scientific conclusions, and 
how to preserve integrity when decision-making is 
subcontracted to black-box models. Scholars have called 
for new guidance in using AI within research ethics 
frameworks. 

iv). Social and infrastructural barriers. Beyond technical 
concerns, uneven access to compute, lack of shared 
benchmarks, and institutional inertia obstruct equitable 
adoption. Community analyses emphasize that AI for 
science is as much a social project as a technical one. 

 
These themes form the backbone of the problem analysis 
below. 
 
4. Detailed Taxonomy of Challenges and Apprehensions 
We categorize the core challenges into five interrelated 
domains: 
a) Technical, 
b) Epistemic/interpretive, 
c) Reproducibility & validation, 
d) Ethical/institutional, and 
e) Access & infrastructure. 
 
Technical Challenges 
• Data Scarcity and Bias: Many physics problems — e.g., 

rare events or novel regimes — have limited labelled 
data. Training complex ML models on scarce or 
unrepresentative datasets risks overfitting or embedding 
dataset biases into downstream science. 

• Out-of-distribution (OOD) Generalization: Physics 
experiments often probe regimes not present in training 
data; ML models can fail unpredictably under OOD 
conditions. 

• Model Brittleness and Failure Modes: Deep models 
may give confidently wrong predictions without 
calibrated uncertainty, a critical risk when used in high-
stakes experimental control or inference. Work on 
failure-risk measurement and resiliency is emerging but 
not yet widely integrated into pipelines. 

 
Epistemic and Interpretive Challenges 
• Black-box Concerns: Physicists prize mechanistic 

understanding; AI that provides only accurate predictions 
without interpretable mechanisms raises worries about 
the loss of explanation and scientific insight. 

• Philosophical Questions about Discovery: If AI 
proposes hypotheses or “discovers” patterns, how should 
scientists validate and incorporate these within existing 
theoretical frameworks? Reviews of interpretability in 
physics emphasize the need to align ML outputs with 
human-readable mechanisms. 

 
Reproducibility, Validation and Benchmarking 
• Insufficient Provenance and Documentation: Without 

full access to training data, code, seeds, hyperparameters, 
and compute environment, reproducing ML-based results 
is often infeasible. Community calls for better 
preservation and disclosure practices are growing. 

• Lack of Domain-specific Benchmarks: Benchmarks 
that reflect physics tasks and failure modes are limited; 
this makes it hard to compare solutions or establish 
minimal validation standards. 

• Validation vs. Realism: Standard ML metrics (MSE, 
accuracy) may not capture physical consistency; 
evaluating models on physics-aware criteria is essential. 

 
Ethical and Institutional Concerns 
• Bias and Misuse of Automation: Misapplied AI can 

embed biases that skew scientific outcomes (e.g., 
selection biases in datasets that drive spurious patterns). 
Ethical guidance for AI in research is under-developed 
compared to other domains. 

• Credit, Authorship, and Incentives: Questions arise 
about how to attribute discoveries assisted by AI, and 
whether current incentive structures encourage rigorous 
validation or favour headline performance. 

• Socio-technical Concentration: High computational and 
data demands concentrate capability in well-resourced 
labs and companies, potentially widening disparities. 
Recent analyses emphasize institutional and social 
barriers as central to equitable AI for science. 

 
Access, Compute and Infrastructure 
• Unequal Compute Access: Large-scale models require 

expensive compute, which many academic groups 
cannot afford. 

• Data Sharing Limits: Experimental data can be 
proprietary, huge, or sensitive; sharing practices are 
uneven. 

• Lack of Shared Tooling: Fragmentation in tooling for 
reproducible ML in physics (containerization, 
provenance capture, model registries) hinders adoption. 

 
5. Representative Case Studies and Failure Exemplars 
• Physics-informed neural networks (PINNs) — 

promise and pitfalls: PINNs embed differential 
equations into neural network training and have shown 
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success on many PDE problems. However, studies and 
practitioner reports show cases where PINNs perform 
well on some problems but fail silently on others — often 
because hyperparameters, scaling, or training regimes 
were tuned for specific equations. Community reflections 
warn against publication bias that highlights successes 
while under-reporting failures. (Practitioners have 
documented reproducibility and sensitivity issues in 
PINNs.) 

• Surrogate Models for Computational Physics: Learned 
surrogates can accelerate expensive simulations. But 
when surrogates lack calibrated uncertainty estimates or 
violate conservation laws, their use in decision loops or 
design optimization can produce misleading or non-
physical outcomes. Recent reviews stress methods that 
enforce physical constraints to multigate such hazards. 

• Large Models and Reasoning about Physical 
Phenomena: Large multimodal models applied to 
physics tasks sometimes produce confident but incorrect 
reasoning (hallucinations). Educational and 
benchmarking studies show that physics prompts can 
reveal logical flaws in model outputs; using such outputs 
without expert vetting can be risky. 

 
6. Proposed Technical and Organisational Mitigations 
Below we synthesize practical mitigations targeted at the 
challenges above. These are intended as actionable steps for 
researchers, labs, and institutions. 
 
Technical Best Practices 
• Physics-informed Architectures and Constraints: 

Incorporate conserved quantities, symmetries, and known 
operators into model structure or loss functions (PIML, 
PINNs, equivariant networks). This reduces OOD 
failures and improves interpretability and physical 
consistency. 

• Uncertainty Quantification (UQ) and Failure 
Detection: Integrate Bayesian approximations, ensemble 
methods, conformal prediction, or residual diagnostics to 
provide calibrated uncertainties and OOD detection 
before acting on model outputs. 

• Robust Validation Protocols and Physics-aware 
Metrics: Move beyond standard ML metrics; evaluate 
models for conservation law compliance, invariance, 
stability under perturbation, and controlled extrapolation 
tests. 

• Benchmark Suites and Stress Tests: Create community 
benchmark tasks that reflect realistic physics failure 
modes and include negative/failure examples to avoid 
publication bias. 

• Model Interpretability and Symbolic-extraction 
Approaches: Use methods that map learned 
representations to mechanistic descriptions (e.g., 
symbolic regression on ML residuals, feature attribution 
tied to physical variables). Recent reviews argue 
interpretability is a core requirement for scientific 
adoption. 

 
Reproducibility Infrastructure: 
• Provenance Capture and Model Registries: Mandate 

storing code, data (or synthetic alternatives if 
confidentiality prevents sharing), exact environments 
(containers), seeds, and trained model artifacts in 
registries with versioning. 

• Mandatory Reporting Checklists: Journals and 

conferences should adopt checklists demanding 
disclosure of key ML artifacts (data splits, 
hyperparameters, seeds, hardware) in the same way 
experimental methods are reported. 

• Open Challenge Datasets with Curated Ground 
Truth: Where possible, create curated, small-scale 
datasets for reproducible benchmarks and adversarial 
examples. 

 
(Concerns about reproducibility in AI-assisted science have 
been widely discussed in the literature; following these steps 
addresses core failure modes.) 
 
Ethical, Social, and Governance Measures 
• Ethics Guidance Tailored to Research: Research ethics 

boards and professional societies should produce field-
specific guidance on AI use that addresses attribution, 
data stewardship, and the permissible scope of automated 
reasoning in scientific claims. 

• Inclusive infrastructure and Shared Compute: 
Institutions and funders should invest in shared 
computational resources and open datasets to reduce 
concentration of capability and promote equitable access. 
Community roadmaps emphasize social and institutional 
measures as essential. 

• Transparent Authorship and Credit Models: Establish 
norms for acknowledging AI contributions (for example, 
dedicated methodology sections that describe the role of 
models in producing results). 

 
Education and Cultural Measures 
• Curriculum Updates: Integrate ML literacy, uncertainty 

quantification, and reproducible software engineering 
into physics training at graduate and postgraduate levels. 

• Interdisciplinary Teams: Encourage collaborations 
between physicists, ML specialists, statisticians, and 
ethicists to ensure rigorous model design and evaluation. 

 
7. Roadmap for Trustworthy Adoption: A Proposed 

Checklist 
For any AI project in physics, we propose the following 
minimal checklist to structure trustworthy practice: 
• Problem Framing: Is the role of the AI clear (prediction, 

inference, control, discovery)? 
• Data Audit: Document provenance, selection biases, 

cleaning steps, and sharing constraints. 
• Physics Constraints: Explicitly note which laws or 

invariances are enforced and how. 
• Validation Plan: Include OOD tests, adversarial stress 

tests, and physics-aware metrics. 
• Uncertainty Reporting: Provide calibrated errors and 

failure modes. 
• Reproducibility Package: Release code, model 

checkpoints, dependencies, and seeds (or explain 
constraints). 

• Ethical Assessment: Evaluate potential biases, dual-use 
risks, and authorship/credit implications. 

• Governance: Note institutional approvals and data 
access conditions. 

 
Adhering to such a checklist will not eliminate risks but it 
operationalizes the norms needed to make AI outputs 
scientifically credible. 
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8. Discussion 
AI has the potential to accelerate discovery and automate 
laborious tasks in physics, but realizing that potential requires 
addressing not only algorithmic shortcomings but also social, 
ethical, and infrastructural issues. The literature shows that 
interpretability, rigorous validation, and equitable access are 
central concerns for the physics community; addressing these 
will require coordination among researchers, journals, 
funders, and professional societies. Several community 
reports urge reframing “AI for science” as a collective social 
project where shared benchmarks, accessible infrastructure, 
and cross-disciplinary education are prerequisites for 
technical progress. 
A pragmatic stance is to treat AI tools as instruments that 
augment — not replace — scientific reasoning. When used 
with careful provenance, uncertainty quantification, and 
domain constraints, AI can free researchers to focus on 
higher-level theoretical questions while maintaining scientific 
rigor. 
 
Conclusion 
Adopting AI in physics holds significant promise but faces 
multi-dimensional challenges. This paper catalogued technical 
risks (data scarcity, OOD failures), epistemic concerns (loss 
of mechanistic explanation), reproducibility gaps, ethical and 
institutional issues, and access inequities. We proposed a set 
of mitigations — technical, infrastructural, ethical, and 
educational and offered a practical adoption checklist. 
Implementing these recommendations will require 
coordinated community action and investment, but they are 
realistic steps toward trustworthy, equitable, and scientifically 
productive AI in physics. 
 
Recommendations 
• Researchers: Use physics-aware models, publish 

reproducibility artifacts, quantify uncertainties, and 
include interpretability analyses. 

• Journals/Conferences: Require ML reporting checklists, 
encourage negative results and failure case reporting. 

• Institutions/Funders: Invest in shared compute, data 
stewardship, and training for ML literacy in physics. 

• Professional Societies: Produce field-specific ethical 
guidelines and benchmarks. 

• Educators: Integrate ML, reproducible computing, and 
uncertainty quantification into physics curricula. 
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