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ABSTRACT

Artificial intelligence (AI) methods are being investigated across nuclear engineering, yet evidence
from individual demonstrations does not necessarily establish readiness for operational use. This
work examines nuclear datasets and computational infrastructure, surrogate and physics-informed
modeling, digital twins, monitoring and prognostics, lifecycle applications, optimization and control,
and trustworthy AI. Reported studies show how learning-based methods can accelerate high-fidelity
calculations, extract information from multivariate measurements, and support decisions in reactor
operation, maintenance, waste management, and environmental assessment. They also expose
recurring limitations: scarce abnormal-condition data, differences between simulated and physical
systems, uncertain generalization, and incomplete evaluation of downstream decisions. We argue that
progress depends on assessing complete AI-enabled workflows rather than predictive models alone.
Representative data, independent testing, calibrated uncertainty, physical and operational constraints,
model traceability, and human oversight are especially important when outputs affect safety-relevant
decisions. Future research should connect simulation, sensing, digital twins, and uncertainty-aware
decision methods while testing their performance under realistic changes in operating conditions.
These steps can help establish where AI provides dependable value across the nuclear lifecycle.

Keywords Artificial intelligence · Nuclear reactors · Physics-informed machine learning · Digital twins · Safety-critical
systems · Trustworthy AI

1 Introduction

The transition toward sustainable nuclear systems requires balancing safety, reliability, economic performance, resource
utilization, waste reduction, and environmental protection across the nuclear lifecycle. This spans reactor and fuel
design, operation, component lifetime management, spent fuel, decommissioning, and environmental stewardship.
Nuclear circularity therefore extends beyond material recycling to efficient resource use, justified lifetime extension,
waste reduction, and better use of information throughout the lifecycle.

At the same time, nuclear science and engineering are undergoing a digital transformation driven by advances in
sensing, high-performance computing (HPC), multiphysics simulation, data management, and artificial intelligence
(AI). Learning-based methods are being developed and evaluated for reactor analysis, monitoring, diagnostics, and
optimization [1], with applications spanning reactor design, operation, maintenance, and safety [2], including nuclear
power plant control [3], as well as radiation measurements and radiological science [4]. More broadly, ML is helping
connect complex experimental and computational data with physical inference in nuclear physics [5], and international
organizations have identified AI as an enabling technology for nuclear science and technology [6].

The opportunity is not to replace physics-based analysis with data-driven models, but to complement established
mechanistic models, domain knowledge, and high-fidelity simulations. AI can extract information from complex data,



A PREPRINT UNDER REVIEW

accelerate expensive calculations, connect simulations with measurements, and support decisions under uncertainty. The
integration of simulation, deep learning, and uncertainty quantification (UQ) demonstrates this physics–data connection
[7], while ML and surrogate models can further support calibration of uncertain model parameters using experimental
or computational information [8].

Figure 1 summarizes the framework adopted in this work: nuclear training data are transformed into models, predictions,
quantified uncertainty, decisions, and actions. Experimental, simulation, sensor, and operational data characterize the
physical system, while physics-based and data-driven models estimate its state, performance, and health. UQ estimates
predictive uncertainty, while validation and applicability assessment help determine how much confidence to place in
predictions before they inform optimization, control, planning, or other engineering decisions. The resulting actions
generate new information that feeds back into the data and models, enabling continued learning and improvement.
NRC-sponsored research has similarly examined AI and ML for operating nuclear plants in the context of computational
tools, plant information, safety and risk, and decision-making [9].
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Figure 1: High-level definition of AI-enabled nuclear systems and modeling. Data inform physics-based and data-driven
models that generate predictions with quantified uncertainty, supporting decisions and actions. Operational outcomes
provide feedback for continuous model and data improvement, with the aim of supporting safer and more autonomous
nuclear systems.

From this perspective, AI is not an isolated predictive technology but part of a closed digital loop connecting data
and physics with uncertainty-aware engineering decisions and their resulting actions. The remainder of this study
follows this progression, beginning with the computational and data foundations and advancing through surrogate and
physics-informed modeling, digital twins, monitoring, lifecycle applications, optimization and control, trustworthy AI,
and deployment for increasingly safe, autonomous, circular, and sustainable nuclear systems.

2 Data, AI, and Computational Foundations

Reliable nuclear AI begins with the data and computational infrastructure from which models learn. Nuclear systems
are inherently multiscale and multiphysics, spanning interactions from fuel-rod and subchannel scales to assemblies and
full reactor cores, while coupling neutronics, thermal fluids, materials, and other physical phenomena, as illustrated in
Figure 2. Their data therefore vary widely in dimensionality, resolution, fidelity, uncertainty, and availability, ultimately
determining which AI methods are appropriate and how their predictions should be interpreted.

2.1 Nuclear Datasets and Computational Infrastructure

The multiscale and multiphysics characteristics illustrated in Figure 2 are reflected directly in the diversity of nuclear
design and operational datasets. Nuclear reactor or nuclear engineering data originate from experiments, operational
instrumentation, inspection and maintenance activities, radiation measurements, and environmental monitoring. They
may include time-series sensor signals, spatial fields, images, spectra, maintenance records, and other multimodal
information. These measurements are increasingly complemented by simulation data from neutronics, thermal-
hydraulics, fuel-performance, structural, and coupled multiphysics simulations.

HPC has substantially expanded this computational source of information. The Multiphysics Object Oriented Simulation
Environment (MOOSE) provides a framework for coupled nonlinear multiphysics simulation [10] and has evolved
toward massively parallel applications [11]. The Virtual Environment for Reactor Applications (VERA) similarly
integrates high-fidelity reactor-analysis capabilities within a coupled computational environment [12] for light water
reactor (LWR) analysis. From an AI perspective, such platforms are not only analysis tools but also generators of
structured data over large ranges of design and operating conditions.

These datasets can be highly dimensional. Deep neural networks, for example, have been applied to large boiling water
reactor (BWR) core neutronics datasets [13], while high-fidelity pressurized water reactor (PWR) flow-field simulations
have been developed for downstream data-driven applications [14]. Experimental facilities provide a complementary
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(a)

(b)

Figure 2: Multiscale and multiphysics characteristics of nuclear systems: (a) spatial scales extending from fuel
rods and subchannels to assemblies and the reactor core, and (b) coupled neutronics, thermal-fluid, and materials
phenomena. These interconnected scales and physics generate heterogeneous, high-dimensional data for modeling and
AI applications.

source of dense time-dependent information; recurrent neural networks have, for example, been investigated for sensor
prediction and sensor selection using thermal-hydraulic experimental data [15].

Experiments capture real behavior but can be costly or limited in scope. Simulations can explore more conditions,
though their results depend on modeling assumptions and numerical accuracy. HPC makes detailed simulations possible,
while AI surrogates make their results faster to use repeatedly.
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2.2 AI and Machine Learning Methods

AI methods can be organized according to both learning strategy and engineering task. Supervised learning supports
regression and classification when labeled examples are available, whereas unsupervised and representation-learning
methods support clustering, feature extraction, dimensionality reduction, and anomaly detection. Both approaches have
been used for data-driven fault detection and diagnosis in nuclear power plants [16]. Deep neural networks extend
these capabilities to strongly nonlinear and high-dimensional problems: feedforward models are commonly used for
static mappings, convolutional architectures exploit spatial structure, and recurrent or related sequential models address
time-dependent data. Such sequential models have been applied to forecasting nuclear-plant transients [17], while
convolutional models have recently been investigated for identifying resonances in experimental neutron transmission
data [18].

Generative methods offer an additional capability by learning aspects of the underlying data distribution and producing
synthetic samples. This is potentially valuable when observations are scarce, although generated data must remain
representative and physically meaningful. The data efficiency of generative adversarial networks has been investigated
for energy applications to quantify their performance as training data become limited [19].

The growing number of model architectures and hyperparameters also motivates systematic model-development
workflows. Automated ML can assist with model selection, optimization, and evaluation; pyMAISE (Michigan
Artificial Intelligence Standard Environment), for example, was developed to accelerate and automate ML development
for nuclear power applications [20]. Ultimately, model selection should follow the structure of the problem, available
data, physical knowledge, computational requirements, and consequences of prediction error rather than any single
preferred algorithm.

2.3 Training Data Challenges

Nuclear AI often remains data-limited in precisely the regimes of greatest interest. Routine operation can generate
extensive histories, whereas failures, severe power transients, and unusual operating conditions are intentionally rare. In
addition, new reactor concepts may have little or no operational data. Data scarcity, class imbalance, and differences
between training and deployment conditions are recognized challenges for nuclear AI [2].

Simulation can generate otherwise unavailable information, but high-fidelity calculations can themselves be too
expensive to sample extensively. This produces a tradeoff among data quantity, fidelity, and computational cost. Active
learning can reduce this burden by directing new simulations toward informative regions; neural-network ensembles
with active learning have, for example, been applied to heat-pipe microreactor modeling under abnormal conditions
[21].

Uncertainty further arises from measurement noise, model parameters, nuclear data, boundary conditions, physical
approximations, and the ML model itself. Neural networks have been used to model nuclear cross-section uncertainties
[22], illustrating that AI can participate in uncertainty analysis rather than merely consume deterministic data. For
transient experimental data, Bayesian augmentation of recurrent models provides another route for representing
predictive uncertainty alongside time-dependent predictions [23]. Heterogeneous data from different simulations,
experiments, facilities, or operating regimes also create distribution shifts that can degrade model performance. Recent
neutron-resonance classification studies, for example, illustrate how high apparent accuracy within available data does
not necessarily imply reliable generalization to previously unseen physical cases [18].

The goal is to build datasets that reflect the physical system and suit the prediction task, not just to collect more data.
Multifidelity learning, physics-informed models, active learning, and UQ can help address data gaps and limitations, as
discussed next.

3 Surrogate Modeling, Physics-Informed AI, and Digital Twins

High-fidelity nuclear simulations can be too slow for optimization, UQ, or real-time use, while data-driven models can
struggle with limited data or extrapolation conditions. Surrogate models, physics-informed AI, and digital twins may
help by speeding up predictions, using physical knowledge, and connecting models to operating systems.

3.1 Surrogate and Multifidelity Modeling

Surrogate models replace repeated execution of expensive simulations with computationally efficient approximations.
Polynomial models, Gaussian processes, neural networks, and reduced-order methods can therefore enable sensitivity
analysis, UQ, optimization, inverse analysis, and real-time prediction that would otherwise require prohibitive computa-
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tional resources. Different learning strategies have been developed for constructing such approximations from nuclear
simulation data, including group method of data handling (GMDH)-based models [24] and deep Gaussian-process surro-
gates [25]. At the reactor scale, ML-assisted surrogates have also been developed for full-core fuel-performance analysis
[26], while surrogate models have been integrated directly into design optimization under uncertainty constraints [27].

Reduced-order methods similarly represent high-dimensional behavior in a smaller state space, which is particularly
useful for spatial reactor fields and dynamic applications. Reconstruction methods applied to three-dimensional reactor
temperature distributions illustrate the potential to recover high-dimensional fields from reduced information [28].

Multifidelity modeling further combines information from models or datasets with different costs and accuracies.
Large quantities of low-fidelity information can describe broad system behavior while limited high-fidelity data
correct discrepancies between fidelity levels. Nonlinear information fusion provides one framework for learning such
relationships [29], while broader multifidelity formulations span statistical and ML approaches [30].

Figure 3 illustrates this concept using a representative multifidelity regression problem [29]. A relatively dense set of
inexpensive low-fidelity observations is combined with a much smaller set of high-fidelity observations to learn the
high-fidelity response. The example demonstrates the central motivation of multifidelity learning: information from a
lower-cost model can reduce the amount of expensive high-fidelity data required when the relationship between fidelity
levels can be learned [29].

Figure 3: Illustration of multifidelity information fusion. (a) Low-fidelity data are available at substantially more
locations than the high-fidelity observations. (b) The multifidelity model combines the available information to
reconstruct the high-fidelity response and its predictive uncertainty. Reproduced/adapted from Perdikaris et al. [29].

This concept is particularly well suited to nuclear system analysis, where system models, coarse-mesh or 1D system-level
calculations, high-fidelity simulations, and experiments often coexist. Multifidelity surrogates have, for example, been
applied to natural-circulation prediction following loss of forced cooling in high-temperature gas reactors, simulating a
very long and expensive transient [31].

The computational advantage becomes especially important for high-fidelity CFD calculations. Figure 4 shows a
preliminary nuclear application in which multifidelity neural networks (MFNN) and multifidelity Kolmogorov–Arnold
networks (MFKAN) use lower-fidelity coarse-mesh CFD information to predict a high-fidelity reactor flow solution. In
this example, the high-fidelity CFD calculation requires approximately 20 days compared with approximately 6 days for
the lower-fidelity calculation. The assembly-wise prediction errors illustrate the potential for multifidelity learning to
recover expensive high-fidelity spatial information with acceptable errors from substantially less expensive simulations.
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Figure 4: Preliminary demonstration of multifidelity learning for prediction of a high-fidelity nuclear CFD solution
from a lower-fidelity coarse-mesh simulation. Assembly-wise mean absolute percentage errors (MAPE) are shown
for (a) a multifidelity neural network (MFNN), with a core-average error of 4.18% and peak error of 9.32%, and (b) a
multifidelity Kolmogorov–Arnold network (MFKAN), with a core-average error of 4.74% and peak error of 10.05%.
The high- and low-fidelity CFD calculations require approximately 20 and 6 days, respectively. Results are from
preliminary unpublished work by the author.

3.2 Physics-Informed and Hybrid AI

Computational acceleration alone does not resolve the limitations of purely data-driven models. Nuclear engineering
possesses extensive knowledge in the form of conservation laws, governing equations, boundary conditions, symmetries,
and engineering constraints. Physics-informed machine learning seeks to incorporate such knowledge into data-driven
modeling rather than requiring it to be learned entirely from observations [32].

Physics can enter ML through physically meaningful inputs, constraints, loss functions, model architectures, or direct
coupling between mechanistic and learned components. Physics-informed neural networks (PINNs), for example,
incorporate governing-equation residuals and initial or boundary conditions into the training objective [33]. Their
potential is accompanied by challenges in training stiff, multiscale, or high-dimensional systems [34].

Neural operators provide another scientific-ML paradigm by learning mappings between functions rather than only
fixed-dimensional input–output relationships. DeepONet learns nonlinear operators [35], while the Fourier neural
operator (FNO) was introduced for learning solution operators of parametric partial differential equations [36]. In broad
terms, conventional surrogates approximate particular input–output relationships, PINNs embed governing equations
into learning, and neural operators seek to represent families of solutions. Hybrid approaches can combine these ideas
according to the application.

For nuclear systems, the principal opportunity is to exploit existing physical knowledge while learning relationships
that remain uncertain or computationally expensive. A related study of a thermal energy distribution system combines
physical modeling, ML, and active learning, illustrating methods that could also inform integrated nuclear digital-twin
development [37].

3.3 Digital Twins

Digital twins extend accelerated and physics-informed modeling toward an evolving representation of a physical
system. Unlike a static surrogate, a digital twin maintains a connection with its physical counterpart and can combine
simulation, reduced-order or ML models, sensor measurements, state estimation, and decision support. Nuclear
digital-twin architectures consequently span different levels of connectivity and capability [38]. A representative
closed-loop architecture is illustrated in Figure 5, where simulation and sensor information support model calibration,
state prediction, and full-field estimation.
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Figure 5: Digital-twin architecture proposed by Burnett et al. [39], connecting a physical component with sensor data
and simulation through forward, inverse, and generative loops for prediction, model calibration, and full-field estimation.
The cited study implements the inverse loop; the other loops are components of the proposed framework. Reproduced
from [39].

Computational speed is essential because the twin may need to update faster than a conventional high-fidelity model
can execute. Physics-informed reduced-order modeling has been applied to reactor digital twins [40], while ML-based
dimensional reduction and latent data assimilation have been used to connect reduced representations with evolving
reactor information [41]. Online ML-based calibration provides another mechanism for synchronizing a nuclear power
plant model with new measurements [42], and parameter identification and state estimation have been incorporated into
reactor-operation digital twins [43].

Uncertainty is equally important because a continuously updated best-estimate prediction may be insufficient for
safety-relevant decisions without information about its confidence. In the architecture of Figure 5, the inverse loop
uses observations from the physical system to calibrate the digital representation. Variational digital twins provide
a probabilistic formulation of this inverse problem, enabling model calibration while quantifying the associated
uncertainty [39]. Related Bayesian recurrent formulations have also been investigated for uncertainty-aware prediction
of transient thermal-hydraulic experimental data [23]. More broadly, recent nuclear work connects digital twins
and AI/ML with condition monitoring and component health [44], providing a direct bridge to the monitoring and
diagnostics applications discussed next.

Digital twins bring these tools together. Detailed simulations provide physical insight; surrogates make predictions
faster; physics-informed AI incorporates known behavior; and sensor data and state estimation keep the model aligned
with the physical system. UQ helps assess uncertainty in its predictions. Figure 5 shows only one example on how
these connected loops can support model updates, decisions, and monitoring.

4 Monitoring, Anomaly Detection, and Component Health

Continuous awareness of system and component condition is central to safe and reliable nuclear operation. Nuclear
facilities generate multivariate data from instrumentation and control systems, equipment sensors, process measurements,
inspections, and maintenance records. AI and data analytics can complement conventional limits and periodic
surveillance by identifying relationships across these measurements, recognizing departures from normal behavior,
diagnosing faults, and estimating future degradation. These functions form the basis of prognostics and health
management (PHM), which connects monitoring, diagnostics, and prognostics with operation and maintenance
[45, 46, 47]. The progression from observing system condition to supporting maintenance decisions is summarized in
Table 1.
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Table 1: Progression of AI-enabled prognostics and health management from system monitoring to maintenance
decision support.
PHM stage Question Data Model output Example
Monitoring and
sensor
assessment

Is the system and its
instrumentation
behaving as expected?

Normal-operation histories
and correlated sensor
measurements

Expected behavior,
reconstructed
measurements, or
sensor-health indicators

[48]

Anomaly
detection

Is the observed
behavior different from
normal?

Predominantly normal data,
with abnormal examples
when available

Anomaly score,
reconstruction error, or
abnormal-state indication

[49, 50]

Fault diagnosis What fault is occurring
and where?

Sensor signatures
associated with known or
inferred fault conditions

Fault class, location,
severity, or probable cause

[51]

Prognostics How is the condition
likely to evolve?

Condition histories,
degradation trajectories,
and operating conditions

Future health state,
degradation trajectory,
failure probability, or RUL

[52]

Maintenance
decision support

What intervention is
warranted and when?

Health estimates,
prognostic information,
maintenance history, and
operational constraints

Inspection, maintenance,
repair, replacement, or
scheduling support

[45, 47]

As Figure 1 shows, measurements help models estimate system health and predict future behavior. Uncertainty helps
assess those predictions before they guide maintenance or operations. For safety-related decisions, teams must also
consider sensor reliability, false alarms, possible failures, operating procedures, and safety requirements.

4.1 Monitoring and Anomaly Detection

The first layer of component-health assessment is determining whether the system is behaving as expected. Data-driven
monitoring extends conventional threshold-based approaches by learning relationships among multiple signals and
operating conditions. Models can estimate quantities that are difficult to measure directly, reconstruct expected sensor
behavior, and identify multivariate patterns that may be difficult to recognize from individual measurements. Online
sensor assessment is particularly relevant because apparent process abnormalities may instead originate from sensor
drift, calibration error, or instrumentation problems [48].

Supervised classifiers can recognize known faults when representative labeled examples are available, but nuclear
systems present an inherent data imbalance: normal operating data may be abundant while examples of important faults
are rare. Unsupervised and semi-supervised methods can instead learn representations of normal behavior and identify
deviations from them. Autoencoders, recurrent networks, and convolutional architectures are especially useful for
multivariate temporal signals, and anomaly detection has consequently become an important component of ML-based
nuclear equipment condition assessment [46, 51].

Applications within the broader nuclear technology domain illustrate this progression. Convolutional and feedforward
neural networks have been applied to fault detection in accelerator power systems [53], while recurrent and ConvLSTM
autoencoders have been developed for time-series anomaly detection in power-electronics signals [50]. Ensemble
learning has further enabled earlier identification of developing faults [54]. Although these examples involve accelerator
power electronics rather than reactor components, they demonstrate methods applicable to high-frequency, multivariate
equipment signals across complex nuclear facilities.

Monitoring can also be improved through the sensor network itself. Recurrent neural networks have been investigated
for sensor optimization and data prediction in thermal-hydraulic experiments [15], illustrating opportunities for virtual
sensing, measurement reconstruction, and sensor placement. Practical deployment must nevertheless balance detection
sensitivity against false alarms and distinguish equipment degradation from sensor faults, changing operating regimes,
and out-of-distribution data.

4.2 Fault Diagnostics and Prognostics

As summarized in Table 1, anomaly detection establishes that observed behavior is unusual, whereas diagnosis seeks to
determine the type, location, severity, and possible cause of the underlying fault. Diagnostic models can therefore be
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formulated as classification, state-estimation, or inference problems mapping sensor signatures to candidate failure
modes. Nuclear fault diagnosis has increasingly incorporated neural networks and other deep-learning methods capable
of learning nonlinear relationships directly from multivariate measurements [51].

Generative models offer another option when fault classes are complex or sparsely represented. Conditional variational
autoencoders, for example, have been applied to fault prediction in accelerator power systems [55]. Such approaches
may help represent under-sampled abnormal conditions, although synthetic or learned fault representations require
careful validation before supporting safety-relevant conclusions.

Prognostics extends diagnosis into the future by estimating degradation trajectories, component health, probability
of failure, or remaining useful life (RUL). Available information changes over a component’s lifetime, motivating
approaches that transition from population-level reliability information toward increasingly component-specific con-
dition measurements [56]. Recent nuclear applications have combined graph and temporal deep-learning models
for degradation and RUL prediction in PWR systems [52], while broader reviews identify anomaly detection, health
indicators, multisource data fusion, and temporal prediction as interconnected elements of nuclear PHM [57].

Diagnosis and prognosis are therefore complementary: the former identifies what is occurring, while the latter estimates
how the condition may evolve. For nuclear applications, these predictions should also quantify uncertainty arising from
measurements, operating conditions, model form, and limited failure histories, a topic addressed further in Section 7.

4.3 Predictive Maintenance and Asset Management

The final step in the PHM progression of Table 1 is translating component-health information into maintenance decisions.
Condition-based maintenance uses evidence of actual equipment condition, while predictive maintenance additionally
considers expected degradation. PHM connects sensing, diagnosis, prognosis, and decision support to enable this
transition [45].

Maintenance histories can also update component-health estimates and support long-term operation [58]. Condition
assessment may therefore inform inspection intervals, component replacement, outage scheduling, spare-parts planning,
and broader asset management. This creates a direct connection to circularity: premature replacement consumes
materials and generates waste, whereas unjustified lifetime extension can challenge reliability and safety. AI-enabled
condition assessment can support the middle ground of extending asset life when technically justified while maintaining
established inspection and safety requirements.

5 AI for Circular and Sustainable Nuclear Systems

AI can support nuclear sustainability across the full lifecycle, from fuel and material design to operation, spent-fuel
management, decommissioning, and environmental stewardship. In this context, circularity includes efficient resource
use, justified lifetime extension, waste reduction and reuse where appropriate, and informed fuel-cycle and disposition
decisions.

AI capabilities can support these goals in different ways. Surrogates accelerate fuel and reactor analyses, optimization
explores competing objectives, computer vision assists material and waste characterization, robotics enables work in
hazardous environments, and spatial learning supports radiation mapping and remediation.

5.1 Fuel, Materials, and Reactor Operations

Nuclear fuels and structural materials operate under combinations of radiation, temperature, stress, and corrosive
environments that produce complex degradation mechanisms. ML has consequently been investigated for material-
property prediction, irradiation effects, microstructure–property relationships, and materials discovery [59]. Computer
vision provides a complementary capability, with deep semantic segmentation demonstrated for identifying defects such
as dislocations, precipitates, and voids in microscopy images of irradiated steels [60]. Data-driven methods have also
been used to predict thermodynamic properties of nuclear-fuel compounds and examine the effects of fission products
on fuel degradation [61].

At the reactor scale, AI-enabled optimization can explore large design spaces while balancing competing engineering
objectives. Earlier physics-based work on BWR fuel demonstrated the importance of simultaneously considering
depletion, criticality, and uncertainty throughout fuel analysis [62]. Building on such computational problems, large-
scale neuroevolution has been applied to BWR bundle design [63], while physics-informed reinforcement learning
has been used for constrained nuclear assembly optimization [64]. Hybrid evolutionary and swarm algorithms have
likewise been applied directly to nuclear-fuel optimization [65].
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The connection to high-fidelity physics is important because optimized designs must remain grounded in reactor behavior.
Tools were developed for example to couple OpenMC particle-transport calculations with optimization algorithms [66],
while surrogate-driven optimization can reduce the number of expensive simulations while incorporating uncertainty
constraints [27]. Machine learning has also been used to optimize passive molten-salt microreactor configurations [67].

Similar methods apply to reactor operation and fuel management. Deep-learning models combined with multiobjective
optimization have been used for core reloading-pattern design [68], while evolutionary and swarm algorithms have
been applied to microreactor reactivity-control-system operation [69]. More general frameworks such as NEORL
(NeuroEvolution Optimization with Reinforcement Learning) integrate neuroevolution and reinforcement learning
for optimization of complex energy systems [70, 71]. Generally, these methods illustrate how AI can accelerate
design-space exploration and support improved fuel utilization, operating flexibility, and performance while retaining
physical and safety constraints.

5.2 Spent Fuel, Waste Management, and Recycling

The back end of the nuclear lifecycle introduces characterization, inventory, storage, transportation, treatment, and
disposition problems that can also benefit from data-driven analysis. For example, criticality and uncertainty analyses
of BWR assembly misloading in transportation casks illustrate the importance of accurately characterizing fuel
configurations during post-operation handling [72]. AI can complement such physics-based analyses by accelerating
characterization and repeated fuel-cycle calculations.

ML applied to gamma-spectrometry measurements has been used to infer spent-fuel properties including burnup,
cooling time, initial enrichment, and plutonium content [73]. Neural networks have also been developed to predict
used-fuel composition and integrated into the Cyclus fuel-cycle simulator for rapid transmutation calculations [74].
These applications show how data-driven models can reduce computational or measurement burdens in fuel-cycle
analysis without replacing the underlying physical basis.

AI can also assist radioactive-waste identification and segregation. Deep object-recognition methods have been
investigated for automated waste categorization [75], while ML has been applied to management of disused sealed
radioactive sources, including assessment of potential reuse [76]. For high-level waste, data-driven methods have also
been investigated as reduced-order tools for complex processes relevant to geological disposal [77].

These capabilities can support broader evaluation of recycling, partitioning, transmutation, and alternative fuel-cycle
strategies by accelerating predictions of material inventories, isotopic evolution, waste generation, and long-term
consequences. Such tools are best viewed as accelerators of technically grounded scenario analysis; fuel-cycle decisions
additionally depend on safety, safeguards, proliferation, economics, and policy considerations beyond the scope of an
AI model.

5.3 Decommissioning, Robotics, and Remote Operations

Decommissioning provides a strong motivation for combining AI and robotics because characterization and disman-
tlement frequently occur in radiological or otherwise hazardous environments. Robotic systems can reduce worker
exposure, while AI can support perception, mapping, navigation, manipulation, and planning.

Computer-vision methods have been developed to classify waste materials during nuclear decommissioning [78], sup-
porting improved identification and segregation. Mobile platforms extend these capabilities to facility characterization:
the Vega robot, for example, was developed for mapping, radiation surveying, inspection, and sample retrieval in
nuclear decommissioning environments [79]. Experience from Three Mile Island, Chernobyl, and Fukushima further
demonstrates both the importance and technical difficulty of robotic deployment in high-radiation, uncertain, and
cluttered environments [80]. Figure 6 illustrates autonomous robotic navigation through a representative cluttered
nuclear laboratory environment at the University of Michigan. The robot dog was able to achieve the inspection mission
successfully without human guidance or hitting any objects in the surroundings.

A practical direction is progression from direct teleoperation toward assisted and supervised autonomy. Rather than
removing the operator, assisted robotic systems can combine human supervision with perception, digital representations,
planning, and control to navigate complex environments, reduce workload, and improve task execution [81]. Better
robotic characterization and material identification can simultaneously reduce occupational exposure and improve waste
segregation, linking remote operation directly with safety and circularity.
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Figure 6: Autonomous robotic navigation through a cluttered nuclear laboratory environment at the University of
Michigan, illustrating sequential perception and navigation around equipment and obstacles representative of constrained
remote-operation settings. Preliminary results that will be presented in the 2026 American Nuclear Society Winter
Meeting in Phoenix, Arizona.

5.4 Environmental Monitoring and Remediation

Environmental stewardship extends the digital lifecycle beyond the facility boundary. Radiation detectors, environmental
samples, fixed sensors, and mobile surveys provide spatially and temporally distributed measurements from which
the location and magnitude of contamination must be inferred. AI can complement physical and statistical models by
extracting patterns from these measurements and estimating conditions between observed locations.

At radium-contaminated legacy sites, ML interpretation of gamma-ray measurements has improved identification of
radioactive “hot” particles [82], while related methods have been used to estimate the spatial distribution and activity
of 226Ra [83]. Artificial neural networks and fuzzy-logic approaches have also been applied to ambient gamma-dose
measurements for radiological mapping between monitoring locations [84].

The value of these predictions increases when they are connected to uncertainty and decision support. UQ can identify
regions where additional measurements are most valuable, while optimization can support survey planning, monitoring-
network design, and prioritization of remediation activities. The framework in Figure 1 therefore extends naturally to
environmental stewardship: measurements generate spatial predictions, uncertainty identifies gaps in knowledge, and
those predictions inform additional surveys or remediation actions.

The applications in Table 2 show how AI could support circular and sustainable nuclear systems across the lifecycle.
Better fuel design can reduce resource demands; condition-informed operation can extend justified asset lifetimes;
spent-fuel and waste characterization can improve disposition decisions; robotics can reduce worker exposure; and
environmental analytics can guide monitoring and remediation. In each case, predictions must remain grounded in
physical understanding, uncertainty, and defensible engineering decisions.

6 Optimization, Control, and Decision Support

The value of AI extends beyond predicting system behavior to supporting decisions about how nuclear systems should
be designed, operated, and managed. Optimization and control connect predictive models with engineering actions,
while decision support integrates predictions with objectives, constraints, uncertainty, and human judgment. This closes
an important part of the digital pathway introduced in Figure 1: predictions become operationally useful when they
inform defensible decisions and, where appropriate, actions.

This transition also increases the consequence of model error. A predictive model can be evaluated primarily according
to the quality of its outputs, whereas an optimization or control algorithm can influence the state of the system. As
AI moves from offline analysis toward decision support and autonomous control, physical constraints, uncertainty,
operating limits, and mechanisms for human intervention therefore become increasingly important.
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Table 2: Examples of past and ongoing AI efforts across the nuclear lifecycle.
Lifecycle stage AI capability Application Example
Fuel and materials ML, computer vision Fuel microstructure analysis and

material-property prediction
INL irradiated-fuel analysis [85]

Reactor design and
fuel management

Surrogates,
optimization

Core loading-pattern and fuel-management
design

Westinghouse ACE; INL
RAVEN [86, 87]

Spent fuel and waste ML, spectroscopy,
vision

Fuel characterization, waste sorting, and
treatment modeling

Gamma-based characterization
[73]; image-based sorting [75];
SRNL waste-treatment research
[88]

Remote operations
and decommissioning

Vision, robotics Remote surveying and handling in hazardous
areas

RadPiper [89, 90]; Vega robot
[79]

Environmental
stewardship

ML, spatial modeling Contamination mapping and migration
prediction

SRNL
AI-ASSET/ALTEMIS [91];
radium mapping [83]

Acronyms: INL, Idaho National Laboratory; ACE, Advanced Core Engine; RAVEN, Risk Analysis Virtual ENvironment; SRNL,
Savannah River National Laboratory; DOE-EM, U.S. Department of Energy Office of Environmental Management; AI-ASSET, AI
Accelerated Strategies and Solutions in Environmental Technology; ALTEMIS, Advanced Long-Term Environmental Monitoring
Systems.

6.1 AI-Enabled Optimization

Many nuclear engineering problems involve computationally expensive models, large design spaces, and competing
objectives. Direct optimization using high-fidelity neutronics, thermal-hydraulics, structural, or multiphysics simu-
lations may require thousands of model evaluations. AI-enabled optimization addresses this challenge through two
complementary capabilities: (1) intelligent search algorithms explore large design spaces, while (2) surrogate models
reduce the cost of evaluating candidate solutions.

Evolutionary and swarm algorithms are useful when objective landscapes are nonlinear, multimodal, black-box, or
difficult to differentiate. Reinforcement learning can also be integrated with evolutionary search to exploit information
accumulated during optimization. Rule-based reinforcement learning, for example, has been used to inform evolutionary
algorithms for constrained engineering optimization [92]. Large-scale population-based search has subsequently been
extended through animorphic ensemble optimization [93] and scalable multiobjective formulations [94].

These capabilities are relevant because nuclear design rarely involves a single objective. Reactor and fuel designs
may simultaneously consider power distributions, safety margins, fuel utilization, economics, control requirements,
and material constraints. Physics-informed RL has been demonstrated for nuclear assembly optimization [64], while
neuroevolution has been applied to large-scale BWR bundle design [63]. Hybrid evolutionary and swarm algorithms
provide another approach to nuclear-fuel optimization [65], and particle-transport calculations can be coupled directly
with optimization through automated frameworks [66].

Surrogate-assisted optimization further reduces computational cost by replacing selected high-fidelity evaluations
with learned approximations. This is especially valuable when each candidate requires an expensive Monte Carlo or
multiphysics calculation. Surrogate-driven optimization with uncertainty constraints demonstrates how computational
acceleration can be combined with model confidence [27]. The surrogate is therefore more useful when treated as
part of an adaptive optimization process in which uncertainty or periodic high-fidelity calculations determine when its
predictions are sufficiently reliable.

Multiobjective optimization helps weigh how nuclear design choices affect resource use, component life, waste, cost,
and safety. AI can quickly explore the trade-offs, but engineers must choose among the options based on requirements,
uncertainty, and operating priorities.

6.2 Model Predictive Control and Reinforcement Learning

Optimization becomes a dynamic problem when decisions must be made repeatedly as the system evolves. Model
predictive control (MPC) and reinforcement learning (RL) provide complementary approaches to this setting. MPC
forecasts system behavior over a finite horizon and repeatedly solves an optimization problem to select control actions
while explicitly accounting for constraints. Recent work has combined reduced-order reactor physics, state estimation,
and MPC for reactor operation during communication transients [95], as illustrated in Figure 7(c).
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RL instead learns a policy mapping observed states to actions through interaction with an environment and a reward
function. Nuclear applications of deep RL now include reactor control, load following, and transient operation [96, 97].
A trained policy can potentially produce actions rapidly without solving a full optimization problem at each time step,
but its behavior depends strongly on the training environment, state and action representations, reward formulation, and
conditions encountered during learning.

Microreactors provide a useful test case because future deployments may require flexible operation and reduced operator
burden. A reactivity-control system has been developed for microreactor load-following applications [98], while
single-agent deep RL has been demonstrated for transient and load-following control [99], as illustrated in Figure 7(a).
Related work has extended this formulation to RL load-following policies [100], multi-agent control [101], shown in
Figure 7(b), and multistep criticality search and power shaping [102]. These studies illustrate a progression toward
increasingly complex sequential decision-making.

Figure 7: Representative learning- and model-based frameworks for autonomous nuclear reactor control: (a) single-
agent reinforcement learning, in which a single policy maps reactor states to multiple control actions, reproduced from
[99]; (b) multi-agent reinforcement learning, in which multiple agents coordinate control actions through a shared
policy, reproduced from [101]; and (c) model predictive control with state estimation, in which a predictive reactor
model and optimizer determine control actions using updated system information, reproduced from [95]. Together, the
frameworks illustrate complementary approaches to sequential decision-making and autonomous reactor control.

The distinction between learning a high-performing policy and establishing a safe controller remains fundamental.
Standard RL can explore poor actions during training, an assumption generally unacceptable on an operating nuclear
system. Safe RL therefore seeks to constrain exploration or policy behavior [103]. For nuclear applications, this
motivates training in simulation or digital-twin environments, explicit state and action constraints, physics-informed
reward functions, independent protection systems, and rigorous testing before connection to plant control.

MPC and RL need not be competing approaches. As Figure 7 illustrates, RL learns control policies from state–action
interactions, whereas MPC combines prediction, state estimation, and constrained optimization. Hybrid architectures
could therefore use RL for higher-level strategy while MPC or another constrained controller enforces local operating
limits. Such hierarchical combinations provide a potential pathway toward nuclear autonomy while separating strategic
learning from safety-constrained execution.

13



A PREPRINT UNDER REVIEW

6.3 Human-in-the-Loop and Autonomous Decision-Making

AI-enabled decision-making exists along a spectrum rather than as a binary distinction between manual and autonomous
operation. AI may first perform offline analysis, then provide predictions, diagnoses, or recommended actions to
operators, and eventually perform bounded functions under supervisory control. Reviews of neural-network control and
autonomous reactor concepts illustrate this progression and its increasing technical requirements [104, 105].

Human oversight remains particularly important when AI outputs require contextual interpretation. An anomaly detector
may identify unusual behavior without determining whether it originates from degradation, instrumentation error, or
a new operating condition. Similarly, an optimizer may identify a mathematically favorable solution while omitting
practical considerations not represented in its objectives. Decision support can therefore combine computational
capability with operator knowledge, procedures, and responsibility for consequential decisions.

The allocation of authority should depend on the application and consequence of failure. Increasing autonomy requires
stronger evidence that an AI system remains within its validated domain, recognizes conditions for which it is uncertain,
respects physical and operational constraints, and transitions safely when assumptions are violated. Runtime monitoring
and fallback controllers can provide additional protection by returning the system to a known safe mode.

Autonomy may also extend beyond individual reactors. Forecasts of minute-level grid conditions using generative
models illustrate the broader information environment in which flexible nuclear systems may operate [106]. Future
decision systems could integrate reactor state, grid demand, energy storage, and other resources, connecting component-
level control with system-level energy management. Such integration makes uncertainty, interpretability, and V&V
central requirements for increasingly autonomous operation.

7 Uncertainty Quantification and Trustworthy AI

High predictive accuracy alone is insufficient to establish that an AI model is suitable for safety-relevant nuclear
applications. Reliable deployment also requires knowledge of predictive uncertainty, robustness, applicability, failure
modes, and the evidence supporting model performance. Trustworthy nuclear AI therefore combines predictive
capability with uncertainty quantification, interpretability, verification, validation, and lifecycle management. These
requirements become increasingly important as AI progresses from offline analysis toward decision support and control.

7.1 Uncertainty Quantification and Robustness

Uncertainty has long been central to nuclear analysis. Sampling, sensitivity analysis, and uncertainty propagation
quantify the effects of uncertain physical parameters and modeling assumptions. Some recent applications include
uncertainty analysis of reactor kinetics [107] and natural-circulation behavior during air-ingress accidents [108]. AI
introduces additional uncertainty through the training data, domain coverage, model architecture, and training process
[109, 110], as illustrated in Figure 8.

The sources in Figure 8 also illustrate the distinction between aleatoric and epistemic uncertainty. Data noise is
primarily aleatoric and irreducible, whereas uncertainty from insufficient coverage, extrapolation, and imperfect model
architecture is epistemic and can potentially be reduced through additional information or improved modeling [109].
Stochastic training can also make predictions vary across fitted models, while noise in the training observations remains
a separate source of aleatoric uncertainty.

Several ML methods estimate these uncertainties. Monte Carlo dropout provides an approximate Bayesian mechanism
through repeated stochastic inference [111], while deep ensembles estimate predictive distributions using independently
trained models [112]. Variational neural networks have also been developed specifically for UQ in nuclear applications
[113], including Bayesian recurrent formulations for uncertainty-aware transient prediction [23].

An uncertainty estimate is useful only if it is meaningful relative to observed error. Calibration therefore examines
whether stated confidence corresponds to empirical predictive performance. A systematically overconfident model may
be more problematic for decision support than a slightly less accurate model that reliably indicates when it is uncertain.
UQ should consequently be evaluated alongside accuracy rather than added only after model development.

A related problem occurs when deployment inputs differ from the training distribution. Neural networks can produce
confident predictions for out-of-distribution (OOD) inputs, motivating explicit OOD detection [114]. Distribution-shift
tests similarly identify changes between training and deployment data [115]. In nuclear systems, these changes may arise
from new operating regimes, component aging, instrumentation changes, plant modifications, or accident conditions
poorly represented in historical data.
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Figure 8: Sources of uncertainty in data-driven machine-learning models. Panels (a)–(d) use Gaussian-process models
to illustrate the effects of data noise, incomplete training-domain coverage, and extrapolation; panel (e) illustrates
model-form uncertainty through the bias–variance tradeoff; and panels (f)–(h) illustrate uncertainty associated with
stochastic training and deterministic versus probabilistic model parameters. Adapted and reorganized from Wu et al.
[109].

Robustness therefore extends beyond uncertainty estimation. Models should be tested against measurement noise,
missing sensors, corrupted inputs, parameter variations, and conditions near and beyond their training support. For
emerging language-based AI, robustness can take different forms: LLM outputs can be sensitive to paraphrasing,
sarcasm, and other linguistic variations [116], while fairness and social bias can influence model outputs [117]. Although
these issues differ from uncertainty in reactor surrogates, they reinforce the general principle that trustworthy AI requires
characterization of task-specific failure modes.

7.2 Explainability and Interpretability

Explainability and interpretability provide mechanisms for examining the relationships learned by AI models and the
factors influencing their predictions. In nuclear applications, engineers may need to determine whether a model relies
on physically meaningful relationships, identify measurements responsible for a diagnosis, or understand why similar
conditions produce different predictions.

Post-hoc explanation methods provide one approach. LIME constructs a locally interpretable approximation around an
individual prediction [118], whereas SHAP uses Shapley-value concepts to attribute predictions among input features
[119]. Nuclear applications have expanded beyond feature attribution to gradient-based, attention-based, causal, and
intrinsically interpretable approaches, as summarized in Table 3.

Nuclear applications also demonstrate the need to evaluate explanations rather than relying only on qualitative plots.
Explainable AI (XAI) methods have been quantitatively compared for NPP accident-diagnosis models [120], while
explainability has been applied to severe-accident progression [121]. Hybrid approaches have also compared internal
attention with post-hoc SHAP explanations, providing a means of assessing consistency between interpretation methods
[122].

A complementary strategy is to develop models that are interpretable by construction. Symbolic regression seeks explicit
mathematical relationships rather than relying entirely on post-hoc interpretation of black-box predictors. Kolmogorov–
Arnold networks combined with symbolic regression have been investigated for advanced energy applications involving
nuclear datasets [123], illustrating how prediction can potentially be accompanied by compact analytical representations.

Interpretability nevertheless does not establish physical correctness. Post-hoc explanations can depend on the explanation
method, reference distribution, and local approximation. Interpretability therefore requires its own evaluation rather

15



A PREPRINT UNDER REVIEW

Table 3: Representative explainability and interpretability approaches in nuclear AI applications.
Approach Methods Explanation Nuclear application Example
Feature attribution SHAP, Kernel

SHAP, LIME
Input-feature
contributions to
predictions

Fault/accident diagnosis and
severe-accident prediction

[120, 121]

Gradient or
activation based

Grad-CAM Influential regions,
signals, or temporal
features

Equipment fault and
abnormal-state diagnosis

[126, 127]

Attention based Attention weights,
channel attention

Importance of variables,
channels, or temporal
features

Fault diagnosis and
severe-accident prediction

[122, 121]

Causal/graph
based

Causal graphs,
GNN/GAT

Dependencies,
propagation paths, and
influential nodes

Fault diagnosis, root-cause
localization, fault propagation

[128, 129]

Symbolic/intrinsic Symbolic
regression, KAN

Explicit analytical
input–output
relationships

Surrogate modeling and
thermal-hydraulic prediction

[123, 130]

Hybrid
pre-/post-hoc

Attention + SHAP Comparison of internal
and post-hoc
importance

Fault diagnosis and explanation
validation

[122]

than serving as a substitute for validation [124]. Its strongest role in nuclear applications is as one component of a
broader assurance process combining physical consistency, uncertainty, independent testing, and engineering review.

Generative AI expands this challenge because scientifically plausible outputs may not preserve domain knowledge.
Comparative studies of text-to-image models in nuclear contexts illustrate the need to evaluate general-purpose
generative systems against domain-specific scientific concepts [125]. This concern becomes increasingly important as
generative models enter scientific and engineering workflows.

7.3 Verification, Validation, and Safety Assurance

Verification and validation (V&V) should show that an AI system works reliably for its intended use. Because AI learns
behavior from data, assurance must cover the data, preprocessing, model design and weights, software, and deployment
environment. The evidence needed depends on the role: an exploratory surrogate requires less than a model advising
operators, and an autonomous controller requires more [131, 132]. Relevant evidence includes independent testing,
uncertainty calibration, sensitivity and stress tests, physical consistency, reproducibility, and performance across the
intended operating range.

Datasets also need documented origins and coverage of the conditions for which performance is claimed [133, 134].
Simulation data depend on the credibility of the underlying physics model; plant and experimental data require checks
of sensor quality, calibration, missing values, preprocessing, and instrumentation changes.

Deployed models must remain traceable. Recording software versions, data, preprocessing, hyperparameters, and
weights allows results to be reproduced and changes to be assessed. Models retrained with new data need controlled
requalification so that their safety case remains valid [133, 134].

General frameworks such as the NIST AI Risk Management Framework provide principles for identifying, measuring,
and managing AI risks [134]. Nuclear applications must connect these principles with established practices of quality
assurance, defense-in-depth, software control, independent review, and regulatory oversight. The objective is therefore
not simply to “validate the AI,” but to establish evidence that the complete AI-enabled system performs acceptably
within its intended role and that failures are detected, bounded, or mitigated.

8 Deployment Challenges and Future Research Priorities

Despite rapid progress in AI research, a substantial gap remains between demonstrating model performance in controlled
studies and deploying AI within operational nuclear systems. Closing this gap requires advances not only in algorithms
but also in data, infrastructure, software integration, cybersecurity, assurance, regulation, governance, and workforce
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development. These challenges define the transition from individual demonstrations toward integrated digital capabilities
across the nuclear lifecycle.

8.1 From Research Demonstration to Nuclear Deployment

A research demonstration typically begins with a well-defined dataset, a selected prediction or control problem, and
quantitative performance metrics. Operational deployment introduces a larger system boundary. Data must be acquired
reliably from plant instrumentation, transferred through appropriate interfaces, processed consistently, and supplied to
models under computational and timing constraints. Predictions must then be communicated to operators or downstream
systems in a form that can support action. These differences create two separate points of view of AI in action.

Studies of barriers to AI and ML adoption in nuclear power identify technical, organizational, regulatory, and data-
related obstacles between successful demonstrations and operational use [135]. The IAEA similarly identifies data
availability and quality, trustworthiness, cybersecurity, organizational readiness, and integration among considerations
for AI deployment in the nuclear power industry [133]. Deployment should therefore influence model development
from the beginning rather than be considered only after high predictive performance is achieved.

Integration with existing systems is a major practical challenge. Nuclear facilities can contain instrumentation, control,
and software developed over multiple generations, whereas modern AI frameworks may depend on computational
environments not designed for safety-relevant industrial deployment. Interfaces must preserve data integrity, timing,
cybersecurity, and configuration control. For some applications, separating AI from direct safety functions provides a
practical initial pathway, with models first operating as advisory or monitoring systems.

Performance monitoring must continue after deployment. Sensor replacement, component aging, changes in operating
strategy, software updates, and evolving plant conditions can alter the input distribution. Runtime monitoring should
therefore evaluate both system health and AI health, including data quality, distribution shift, prediction uncertainty,
and model performance where ground truth becomes available. Digital twins that we described before can support this
process by maintaining continuously updated representations of physical systems [38, 44].

Deployment is consequently better understood as a lifecycle than a single transition from laboratory to plant. Models
must be qualified, integrated, monitored, maintained, and eventually updated or retired, with evidence and configuration
histories remaining traceable throughout that lifecycle.

8.2 Regulation, Governance, and Standards

AI in safety-relevant nuclear applications raises regulatory questions beyond predictive accuracy. Relevant con-
siderations include data provenance, model traceability, uncertainty, cybersecurity, human oversight, configuration
management, responsibility for AI-assisted decisions, and treatment of models that evolve after deployment.

The U.S. Nuclear Regulatory Commission has incorporated AI into its strategic planning. NUREG-2261 identifies
regulatory readiness, organizational capability for reviewing AI, partnerships, workforce development, and potential
agency applications as important objectives [136]. More recent NRC strategy continues this effort through staff
development and evolution of the regulatory framework [137]. Regulatory capability must therefore develop in parallel
with the technology rather than after AI systems reach operational maturity.

International cooperation is similarly important because many assurance questions are shared across jurisdictions. Joint
principles developed by the Canadian Nuclear Safety Commission, UK Office for Nuclear Regulation, and U.S. NRC
address considerations for developing AI systems in nuclear applications [138]. Regulatory gap assessments have also
examined how existing nuclear requirements apply to AI and where additional clarification may be needed [139]. These
efforts suggest that AI regulation need not begin from an entirely separate framework: established principles of nuclear
safety, quality assurance, software control, and defense-in-depth remain relevant, although their implementation must
account for data-driven behavior.

Governance also extends beyond formal regulation. Organizations must define ownership of models, authority to modify
them, evidence required before updates, performance-monitoring responsibilities, and authority to act on AI outputs.
For human-facing generative systems, additional issues can arise. LLM-based analysis of nuclear-power discourse
illustrates expanding nuclear-domain information applications [140, 141], while studies of model fairness demonstrate
the need to examine systematic biases [117].

Governance requirements should therefore scale with the role and consequence of the AI system. A model assisting
scientific information processing does not require the same assurance as a diagnostic tool presented to an operator,
and neither requires the same evidence as an autonomous control function. Risk-informed governance can preserve
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these distinctions while maintaining common expectations for traceability, human responsibility, and controlled model
evolution.

8.3 Research and Technology Priorities

Future research should increasingly focus on integrated capabilities rather than isolated improvements in individual
algorithms. Surrogate models, physics-informed learning, digital twins, UQ, anomaly detection, optimization, and
autonomous control are individually promising. The larger challenge is connecting them into systems that remain
reliable as data, physical conditions, and operational requirements change.

A first priority is the development of qualified, representative, and shareable datasets. Nuclear AI continues to face
limited abnormal and failure data, proprietary information, heterogeneous formats, and differences among facilities and
experiments. Generative models can partially address scarcity [19], but synthetic data cannot substitute for validation
against representative physical observations. Future datasets should therefore be designed for coverage, provenance,
uncertainty, and relevance to deployment conditions rather than volume alone.

A second priority is tighter integration of physics and AI. Purely data-driven models can perform well under familiar
conditions but become unreliable when extrapolating. Physics-informed models, hybrid architectures, multifidelity
methods, and digital twins provide mechanisms for incorporating established knowledge. Physics-informed digital
twins with active learning illustrate how these capabilities can form adaptive predictive systems.

A third priority is moving from predictive UQ toward uncertainty-aware decisions. Producing an uncertainty interval is
of limited value if a downstream controller, optimizer, or operator ignores it. Future systems should use uncertainty to
determine when additional data are required, when a high-fidelity calculation should be invoked, when an automated
action should be restricted, or when authority should return to a human operator. Connecting prediction, uncertainty,
and action is therefore central to trustworthy autonomy.

A fourth priority is the development and evaluation of multimodal and foundation models for scientific applications.
Nuclear information spans numerical simulations, time-series measurements, images, maintenance records, reports,
diagrams, and natural language. General-purpose generative models provide mechanisms for processing these modalities,
but scientific reliability must be established. Foundation models are beginning to find uses across nuclear research
and operations. Early work has evaluated how general text-to-image models represent nuclear concepts [125] and
developed models tailored to generating nuclear-related images [142]. Language models have also been applied to
analyzing public sentiment about nuclear energy [140, 141] and explored as interfaces to digital twins for remote reactor
monitoring and thermal-fluid testbeds [143, 144]. These initial efforts show the breadth of possible applications, but
they also raise a common question: how can domain knowledge, data provenance, uncertainty, and verification be built
into these systems so that their outputs are useful and dependable in nuclear settings?

A fifth priority is scalable computational and experimental infrastructure. High-fidelity simulation remains essential
for generating training data, testing rare scenarios, and evaluating AI-enabled control systems. High-fidelity Monte
Carlo or multiphysics modeling for data-driven applications illustrates the computational scale required to generate
physically detailed datasets. Future infrastructure should increasingly connect HPC, experiments, digital twins,
and hardware-in-the-loop environments so that AI systems can be tested under realistic dynamic conditions before
deployment.

These priorities reinforce one another: better data improve models; physics supports generalization; UQ identifies
limitations; digital twins provide evolving system representations; and high-fidelity test environments enable realistic
evaluation of decision and control systems. The research objective should therefore progress from demonstrating
isolated AI capabilities toward establishing integrated and defensible digital systems.

8.4 Workforce and Implementation Pathway

The transition toward AI-enabled nuclear systems requires a workforce capable of working across traditional disciplinary
boundaries. Nuclear engineers increasingly require knowledge of data science, ML, HPC, digital instrumentation,
optimization, control, and cybersecurity. Conversely, AI specialists working in nuclear applications must understand
physical modeling, uncertainty, safety analysis, operational constraints, and the regulatory environment. Regulatory
organizations also require sufficient expertise to evaluate emerging applications, a need reflected in NRC strategic
planning [136, 137].

Education should therefore emphasize integration rather than treating AI as a standalone computational skill. Students
and practitioners should understand how data are generated, how physical models are validated, how uncertainty
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propagates into predictions, and how AI outputs affect engineering decisions. Practical training can combine simulation,
experimental data, and human–machine interaction so that AI is evaluated within the larger engineering system.

Generative and foundation models further increase the importance of AI literacy. These tools can assist coding, data
analysis, information retrieval, visualization, and scientific communication, but can also produce convincing outputs
that are incomplete or incorrect. Nuclear-specific evaluations of generative models [125, 142] provide examples for
teaching both their capabilities and limitations. Workforce preparation should therefore emphasize verification of
AI-generated information and continued human responsibility for engineering conclusions.

Implementation is likely to proceed incrementally. AI-assisted analysis can first accelerate simulation, data processing,
and engineering workflows without directly influencing operation. Trusted predictive tools can follow as sufficient
validation and uncertainty information become available. Integration with digital twins can then provide continuously
updated representations of system condition, supporting operator decision-making before progression toward supervised
autonomy. Higher levels of autonomy would require correspondingly stronger evidence for robustness, runtime
monitoring, fail-safe behavior, cybersecurity, and regulatory acceptance.

This progression does not imply that maximum autonomy is the desired endpoint. The appropriate level depends on the
application, the benefits obtained from automation, and the evidence supporting it. For some functions, AI-assisted
analysis or decision support may remain preferable; for others, supervised autonomy may improve reliability, flexibility,
or worker safety.

9 Conclusions

This study shows that nuclear AI has developed well beyond a single class of prediction problems. Surrogates
and reduced-order models accelerate reactor and fuel analyses; physics-informed learning and digital twins connect
computation with physical knowledge and measurements; and data-driven methods support anomaly detection, diagnosis,
prognosis, optimization, and control. Applications in waste characterization, decommissioning, and environmental
monitoring extend these capabilities across the nuclear lifecycle. Collectively, these studies demonstrate substantial
technical breadth, although most reported successes remain specific to their datasets, systems, and evaluation settings.

The main unresolved question is how these methods perform when conditions differ from those used to develop
them. Scarce fault data, simulation-to-plant differences, changing operating regimes, and uncertain measurements
can weaken apparent performance. For decision-making applications, predictive accuracy alone is an incomplete
measure: uncertainty must be calibrated, physical and operational limits respected, and failures recognized before
model outputs influence consequential actions. Evidence for deployment must also cover data provenance, software and
model configuration, cybersecurity, human interaction, and continued performance after updates.

A useful research direction is therefore to evaluate complete AI-enabled workflows rather than isolated models.
Shared and well-documented datasets, independent testing across facilities and operating conditions, comparisons with
established methods, and realistic simulation and experimental testbeds would make results easier to interpret and
reproduce. Future work should connect high-fidelity models, sensing, digital twins, uncertainty quantification, and
constrained decision-making while defining when an AI system should defer to a higher-fidelity analysis or a human
operator. Progress on these questions, alongside regulatory engagement and interdisciplinary training, will determine
which research demonstrations can become dependable tools for safer and more sustainable nuclear systems.

AI Usage Statement

GPT-6 Sol, accessed through the ChatGPT platform, was used to correct grammar, polish incomplete sentences, and
remove redundant wording. The manuscript’s scientific content, arguments, and conclusions are the author’s work and
responsibility. The AI tool was also used to arrange Figure 8 into panels; the underlying images came from the original
published works cited in that figure. AI was not used for any other purpose in preparing this manuscript. The author
reviewed the AI-assisted changes and takes full responsibility for the final text, figures, and any remaining errors.

Data Availability

This article presents no new dataset. Data associated with the author’s published work, where publicly released,
are available through the AIMS Lab GitHub page: https://github.com/aims-umich. Data from preliminary,
unpublished work cited in the text may be available from the author upon reasonable request. Availability of data from
other cited studies is determined by their respective authors and publications.
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