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Abstract

In multi-objective design tasks, the computational cost increases rapidly when high-fidelity simulations are used to
evaluate objective functions. Surrogate models help mitigate this cost by approximating the simulation output, simplifying
the design process. However, under high uncertainty, surrogate models trained on noisy data can produce inaccurate
predictions, as their performance depends heavily on the quality of training data. This study investigates the impact of
data uncertainty on two multi-objective design problems modelled using Monte Carlo transport simulations: a neutron
moderator and an ion-to-neutron converter. For each, a grid search was performed using five different tally uncertainty
levels to generate training data for neural network surrogate models. These models were then optimized using NSGA-III.
The recovered Pareto-fronts were analyzed across uncertainty levels, and the impact of training data quality on optimization
outcomes was quantified. Average simulation times were also compared to evaluate the trade-off between accuracy and
computational cost. Results show that the influence of simulation uncertainty is strongly problem-dependent. In the
neutron moderator case, higher uncertainties led to exaggerated objective sensitivities and distorted Pareto-fronts, reducing
normalized hypervolume. In contrast, the ion-to-neutron converter task was less affected—low-fidelity simulations produced
results similar to those from high-fidelity data. These findings suggest that a fixed-fidelity approach is not optimal. Surrogate
models can still recover the Pareto-front under noisy conditions, and multi-fidelity studies can help identify the appropriate
uncertainty level for each problem, enabling better trade-offs between computational efficiency and optimization accuracy.

Keywords: Surrogate Modeling, Multi-objective Optimization, Uncertainty Analysis, Monte Carlo Transport
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1. Introduction

High-fidelity simulations play a critical role in advancing many different engineering disciplines by providing
accurate and detailed insights into radiation transport [1], complex fluid dynamics [2], structural responses [3],
thermal behavior [4], infrastructure design [5], electronics design [6], and safety analysis [7], among many other
phenomena. In nuclear engineering, high-fidelity Monte Carlo neutron transport codes—such as the MCNP code [§],
GEANT [9], FLUKA [10], PHITS [11], Serpent [12], and many other—provide precise simulations of neutron in-
teractions [13, 14, 15, 16, 17] and criticality calculations [18, 19], thereby enabling the design and optimization of
radiation transport systems with robust safety margins. These simulations are indispensable for neutron generator
optimization, moderator-reflector design, fuel and accelerator studies, and non-proliferation analysis, as experi-
mental validation is often prohibitively expensive or infeasible [1, 20, 21, 22]. However, the high computational
cost of these simulations remains a major challenge, often requiring high-performance computing (HPC) resources
and parallelized algorithms to achieve feasible runtimes [23].

Designing complex engineered systems often involves expensive, uncertainty-prone simulations, posing challenges
for ensuring system reliability and safety. This study addresses a critical gap at the intersection of system safety, per-

formance, and design optimization under uncertainty by investigating how training data uncertainty—originating
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from Monte Carlo particle transport simulations—affects surrogate-assisted multi-objective optimization. By sys-
tematically quantifying the impact of simulation-induced tally uncertainties on surrogate model fidelity and op-
timization outcomes, this work contributes to a deeper understanding of model-driven decision-making under
uncertainty. The insights derived not only enhance the reliability of surrogate-based design tools but also inform
the development of robust optimization strategies for high-dimensional, safety-critical systems.

Recent research has significantly advanced the use of Monte Carlo simulations in design optimization under un-
certainty, particularly within engineering and reliability systems. Several studies integrated Monte Carlo methods
with other computational techniques to handle both aleatory and epistemic uncertainties. Miska and Balzani [24]
proposed a reliability-based design optimization framework using extended Optimal Uncertainty Quantification,
while Jia et al. [25] applied hierarchical Bayesian modeling for improved reliability assessment using static and
dynamic data. Zhang and Zhao introduced linear moments to model unknown distributions in reliability analysis
[26], and Thaler et al. combined subset simulation with Hamiltonian neural networks for efficient reliability com-
putations [27]. In energy systems, Monte Carlo simulations were integrated with genetic algorithms to optimize
hybrid designs under variable conditions [28].

Recent advancements in reliability engineering and uncertainty quantification have led to the development
of sophisticated modeling, simulation, and optimization techniques across complex systems such as structural
components, nuclear power plants, and multidisciplinary designs. For instance, Jung et al. proposed a framework
that integrates aleatory and epistemic uncertainties into statistical model calibration and design optimization to
improve the robustness of engineering systems [29]. In the context of real-time emergency response, Cui et al.,
[30] developed a rush repair scheduling model that minimizes workforce response time during facility emergencies,
emphasizing operational timeliness under uncertainty. Similarly, the study by [31] introduced a probability-space
surrogate modeling approach for efficient multidisciplinary optimization under uncertainty, reducing computational
costs while maintaining accuracy.

Addressing structural performance, Zhao et al. [32] proposed a dynamic topology optimization method for cross-
scale structures that accounts for uncertainty during the design process. In nuclear applications, Xiao et al. [33]
developed a reliable and adaptive prediction framework for nuclear power plant systems using advanced learning
algorithms to support proactive maintenance. Zeng et al. [34] explored dynamic simulations with uncertainty
analysis to assess the behavior of engineering systems with variable parameters, Radaideh et al. used Bayesian
model averaging for uncertainty propagation in nuclear computer codes [35], and Chen et al. [36] assessed the

dynamic performance of coordinated control systems in small modular reactors under parameter uncertainty.

1.1. Technical Challenges in Nuclear Design Optimization

Nuclear science and engineering domains encompass a wide range of complex physical phenomena, including
neutron transport, radiation shielding, reactor physics, and particle interactions in high-energy systems. One of the
fundamental computational challenges in optimization in nuclear science and engineering arises from the stochastic
nature of particle interactions. Monte Carlo neutron transport codes, such as the MCNP code, rely on probabilistic
sampling of individual particle histories to estimate physical quantities like neutron flux, reaction rates, and dose

distributions [8]. However, the effectiveness of these simulations is hindered in certain scenarios due to inherently



low interaction probabilities (depending on reaction cross-sections). For instance, in neutron moderators, the fast
neutrons undergo multiple scattering events before being moderated. The probability of a neutron interacting
within a specific region is relatively low, leading to high statistical uncertainty in simulation results. The accuracy
of these simulations is limited in certain situations due to the very low chances of particle interactions (which
depend on nuclear reaction probabilities), particularly in scenarios involving high-energy neutron sources where
interaction cross sections are small. In cases like optimizing a moderator-reflector setup for a 47 isotropic 14 MeV
neutron source within a constrained geometry capturing only 3 sr (steradian), Monte Carlo simulations become
highly inefficient. Similarly, in proton converters used for medical and accelerator applications, the probability of
protons generating secondary particles, such as neutrons through spallation reactions, is typically low due to the
low reaction cross-section, requiring a vast number of simulated histories to achieve statistically meaningful results
[37, 38].

These challenges necessitate running MCNP simulations with a high number of particle histories—referred to
as NPS (Number of Particle Simulations)—to reduce variance and obtain reliable statistical estimations. In an
optimization routine, these simulations must be executed thousands of times to find optimal design configurations,
significantly increasing computational costs. Due to the low interaction probabilities and the large number of
required simulation runs, the first step should involve improving simulation efficiency through variance reduction
techniques (e.g., source biasing, weight windows), followed by automation and optimization processes to refine the
system design. After this step, high-performance computing (HPC) resources and surrogate models are employed
to mitigate computational costs. These methods enhance simulation efficiency, making large-scale Monte Carlo
simulations feasible within time and statistical accuracy constraints, but the challenges of repetitive executions
aggravate HPC needs to solve optimization tasks. This has led various development teams to apply optimization
techniques in different ways. One tested option for physical design optimization is DAKOTA [39], developed by
Sandia National Laboratories. It can be integrated with MCNP geometry generators and supports simulations using
Unstructured Mesh (UM) in MCNP, as demonstrated in the design of the Second Target Station at Oak Ridge
National Laboratory [40, 41]. While powerful optimization tools already exist, there remains a strong interest in
developing new tools with modernized approaches. Such software is especially valued for its ease of distribution
and lower cost, making it well-suited for the daily optimization of smaller-scale projects.

Given the high computational cost of high-fidelity nuclear simulations, various acceleration techniques have
been developed to enhance efficiency while preserving accuracy. Surrogate modeling, including machine learning-
based and physics-informed approaches, has emerged as a powerful tool to approximate complex simulations at a
fraction of the computational cost [42]. The integration of artificial intelligence (AI) and machine learning (ML)
in surrogate modeling has shown promise in accelerating these high-fidelity simulations without compromising re-
liability [43, 44, 45]. Deep neural network surrogates [46, 47, 48] and Gaussian process regression [49] approaches
have demonstrated the potential to drastically reduce simulation times—Dby orders of magnitude in some cases in
nuclear science and engineering applications. In addition, surrogate models preserved the essential physical accu-
racy required for critical radiation transport analyses, as demonstrated in these studies [50, 51, 52]. Alternative to

surrogate modeling of the problems, multi-fidelity modeling leverages a combination of low-fidelity and high-fidelity



Nomenclature

Al Artificial Intelligence

NEORL NeuroEvolution Optimization with Reinforce-

ANN  Artificial Neural Network ment Learning
Be Beryllium NPS  Number of Particle Histories simulated in MCNP
a+ Deuteron code (i.e., total primary particles tracked)
ES Evolutionary Strategies NS Non-dominated Sorting
eV Electron Volt NSGA-IIT Non-dominated Sorting Genetic Algorithm III
FLUKA FLUktuierende KAskade, a general-purpose p’ Proton

Monte Carlo particle transport code Pb Lead
FNN  Feedforward Neural Network PCE  Polynomial Chaos Expansions
GEANT GEometry ANd Tracking PE Polyethylene
GEK  Gradient-Enhanced Kriging PHITS Particle and Heavy Ion Transport code System
GHz  Gigahertz R? Coefficient of Determination
GPU  Graphical Processing Unit RBDO Reliability-based Design Optimization
HPC  High Performance Computing ReLLU Rectified Linear Unit
LiF Lithium Fluoride Tally A user-defined quantity or measurement scored
MCNP Monte Carlo N-Particle Transport during Monte Carlo simulations, such as neutron
ML Machine Learning flux or energy deposition
MSE  Mean Squared Error UM Unstructured Mesh

simulations to balance computational efficiency and predictive accuracy, enabling more effective uncertainty quan-
tification in reactor analysis [53]. Adaptive sampling techniques strategically select simulation points to optimize
computational resources, reducing the number of expensive evaluations required for convergence [54]. Bayesian
optimization has been successfully applied to optimize reactor core parameters and control strategies with minimal
simulation runs [55]. In addition, parallel computing techniques, such as multi-threading and GPU acceleration,
significantly reduce runtime by distributing workloads across multiple cores or exploiting massively parallel ar-
chitectures, making it feasible to conduct Monte Carlo simulations more efficiently [56]. The integration of these
methods is crucial for accelerating design, optimization and safety assessments particularly in the fields that require
extensive computational studies to meet regulatory and economic constraints.

One of these acceleration techniques is using surrogate models to imitate the original problem. Surrogate models
are simplified representations that approximate the behavior of complex systems, enabling faster simulations and
analyses. In nuclear science problems, surrogate models are invaluable for tasks like uncertainty quantification, op-
timization, and real-time decision-making, where high-fidelity models may be computationally prohibitive. Various
types of surrogate models are employed, each with distinct strengths and weaknesses. Polynomial response surface
models provide explicit mathematical relationships between inputs and outputs, making them easy to interpret;
however, they struggle with capturing highly nonlinear behaviors [57]. Gaussian Process Regression (Kriging)
offers high accuracy and built-in uncertainty quantification but can be computationally intensive, especially with
large datasets [58]. Artificial Neural Networks (ANNs) are capable of modeling complex nonlinear relationships
and can detect all possible interactions between predictor variables; however, they are often criticized for their
"black box” nature, greater computational burden, and proneness to overfitting [59]. Polynomial Chaos Expan-

sions (PCE) enable analytical uncertainty propagation [3] but become impractical in high-dimensional spaces due



to the rapid growth in polynomial terms. Gu et al. [60] developed a strategy space reduction method to determine
a more suitable value range for each decision variable, thereby streamlining the optimization process. The Genetic
Algorithm is then utilized to find the optimal solution within this refined strategy space. Jiang et al. [61] intro-
duced a CNN-based surrogate model for structural health monitoring, facilitating early detection of anomalies and
supporting maintenance decisions of damage of pipelines buried in spatially varied soils. Finally, this study [62]
proposed a hybrid framework combining adaptive surrogate modeling and sampling methods to enhance reliability
assessment in multidisciplinary design optimization tasks. The choice of surrogate model depends on the specific
application, with trade-offs between accuracy, interpretability, data needs, and computational efficiency shaping
their implementation.

While surrogate models play a crucial role in reducing computational costs for complex simulations, they in-
herently introduce uncertainties that must be quantified to ensure reliable predictions, especially when coupled
with optimization algorithms like genetic algorithms. Various approaches have been developed to address the un-
certainties associated with surrogate modeling, ranging from Bayesian methods, Gaussian process regression, and
ensemble methods to physics-constrained learning techniques [63]. For instance, reliability-based design optimiza-
tion (RBDO) integrates uncertainty quantification techniques such as equivalent reliability indices to assess the
impact of surrogate model uncertainty on system design [64]. Furthermore, data-driven surrogate modeling ap-
proaches, such as those utilizing closed observables and diffusion maps, have demonstrated significant improvements
in real-time uncertainty quantification [65]. While these methods effectively quantify the interpolation uncertainty
of the surrogate model, they do not directly account for the uncertainty in the training data itself, which originates
from the Monte Carlo simulation and propagates into the surrogate model parameters.

Design optimization under uncertainty involves identifying the best possible design solutions while considering
variability and uncertainty in system parameters, operating conditions, or surrogate models used to approximate
physical phenomena. This type of optimization is widely applied across various fields [66, 67, 68]. Surrogate-assisted
optimization has gained popularity as a means to reduce the computational cost associated with repeatedly exe-
cuting high-fidelity solvers by leveraging surrogate models, as demonstrated in multiple studies [69, 15]. However,
ensuring the accuracy of optimization results requires an equally accurate surrogate model, which demands the gen-
eration of large datasets—an impractical challenge when using Monte Carlo codes that inherently carry uncertainty.
This challenge becomes increasingly complex as the number of objectives to optimize grows, particularly in multi-
objective problems [70]. Several optimization techniques can be employed with surrogate models for engineering
applications. These methods include gradient-based algorithms [71, 72], metaheuristic algorithms [73, 15], multi-
arm bandit and reinforcement learning approaches [74, 75, 76], as well as hybrid ensemble techniques [77, 78, 79, 80].
A significant research gap remains in quantifying the impact of Monte Carlo sampling uncertainty on the perfor-
mance of optimization routines when these solvers are used to train surrogate models. For instance, while the study
by [81] successfully integrates optimization routines with the Monte Carlo code OpenMC for criticality calcula-
tions, the authors had to reduce the NPS to optimize computational cost, which indirectly affects the quality of

the optimization solution.



1.2. Nowelty

This research explores surrogate-assisted optimization in expensive Monte Carlo particle transport simulations
by systematically evaluating the impact of training data uncertainty caused by Monte Carlo sampling on multi-
objective design problems—an area that has not been thoroughly explored in the existing literature. Utilizing Monte
Carlo neutron transport simulations with varying tally uncertainties, we generated low-fidelity and high-fidelity
datasets. For both problems, a grid search of the design space was performed with five different tally uncertainty
thresholds—where tally refers to a user-defined measurement, such as neutron flux, within the simulation. Using
the created low-fidelity and high-fidelity datasets, we trained feedforward neural network (FNN) surrogate models
for two critical design tasks: neutron moderator optimization and ion-to-neutron converter design. By conducting
a controlled grid search with five different levels of tally uncertainty for each problem, we establish a structured
methodology to quantify the effect of training data uncertainty on surrogate model accuracy and optimization
performance. Furthermore, we employ Non-dominated Sorting Genetic Algorithm IIT (NSGA-III) multi-objective
optimization to analyze how uncertainty affects the recovery of the Pareto-front, challenging the assumption that
surrogate models remain effective across all uncertainty levels. Our findings provide a novel perspective on the
relationship between training data accuracy and optimization success, offering valuable insights into the feasibility
of surrogate-assisted multi-objective optimization under realistic uncertainty constraints. This study establishes
guidelines for selecting appropriate training data quality when deploying FNN-based surrogate models in high-cost,
high-dimensional design tasks. Accordingly, the key contributions and findings of this study can be summarized as

follows:

1. This study provides one of the first detailed evaluations of how varying Monte Carlo tally uncertainties affect
surrogate model accuracy and the ability to recover accurate Pareto fronts.

2. A reliability analysis of neural network surrogates trained on uncertain data is conducted, offering practical
guidance for selecting appropriate training data accuracy to ensure reliable optimization results.

3. The results show that the effect of simulation uncertainty on optimization is problem-specific. In some cases,
high-fidelity data is essential, while in others, surrogate-driven optimization can recover the Pareto-front by
using lower-fidelity data.

4. Tt is demonstrated that low-fidelity simulations can sometimes distort predictions, reducing the quality of the
Pareto-front. However, in other problems, they can yield comparable optimization outcomes while signifi-

cantly reducing computational cost.

The remaining sections are organized as follows: Section 2 explains two selected neutron transport problems
and details of the data collection process in these problems. This section explains the Monte Carlo neutron
transport simulations and uncertainty variations used for training the FNN surrogate models. In Section 3, we
outline the research methodology, covering the surrogate modeling approach, NSGA-III optimization framework,
and the evaluation of Pareto-front recovery under different uncertainty conditions. Following this, Section 4 presents
the results and discussions, interpreting the impact of uncertainty on optimization outcomes. Finally, Section 5

concludes the paper, summarizing key findings and suggesting directions for future research.



2. Problem Definitions

Two separate problems are investigated in this research: the neutron moderator design problem and the ion-to-
neutron converter design problem. The problems mentioned here are simulated with well-established Monte Carlo
radiation transport code the MCNP code [8]. The geometry, source, and tally definitions of these selected problems

are explained in the following subsections.

2.1. Neutron Moderator Problem

The goal of this design problem is to enhance the flux of lower-energy neutrons, in the ranges of [1-100 eV] and
[0.5-10 keV], moderated from a 14 MeV, 47 isotropic neutron source, with emphasis on the neutrons directed along
the normal to the moderator-reflector surface. To investigate this, a simplified moderator geometry is constructed
under the constraint of capturing a solid angle of approximately 3 sr. This geometry consists of three concentric
cylindrical regions composed of beryllium (Be), polyethylene (PE), and lead (Pb). The configuration of these

materials is illustrated in Figure 1.
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Figure 1: Geometry definition of the moderator design problem. The Be, PE and Pb layer dimensions are parametric in the problem,
and are not drawn to size in this figure. Detector and moderator regions have cylindrical shapes.

This moderator-reflector assembly is designed to optimize the back-scattered energy spectrum of neutrons by
combining moderation and reflection. In this configuration, the Be layer serves as an efficient converter, using its
inelastic scattering properties to down-scatter the fast 14 MeV neutrons from the source into a broader energy range.
Although the thin Be layer exhibits minimal direct interaction with the initial fast neutrons, it helps to converting
these neutrons into energies suitable for further moderation. With and without Be geometries were studied and
Be adds up to 4.26% of the low energy neutron yield without further moderating the higher energy neutrons.
The polyethylene (PE) layer, owing to its high hydrogen content, further moderates the fast neutrons through
successive elastic collisions, thereby efficiently reducing their energy. Finally, the lead (Pb) layer—characterized by
its high density and atomic number—acts as a robust reflector, scattering both fast and moderated neutrons back
toward the PE moderator and the Be converter, thus enhancing overall back-scattering efficiency. This synergistic
combination ensures that the incident high-energy neutrons are converted into a narrowly defined energy spectrum.
The thickness values of the moderator—reflector regions are selected as the design parameters to be optimized for
this problem.

In the MCNP simulations for the neutron moderator problem, the neutron source is modeled as an isotropic
emitter. The D-T neutron generator is represented with a constant particle energy of 14.1 MeV, thereby replicating

the actual neutron spectrum produced in D-T fusion reactions without introducing uncertainties. The source is



positioned 0.5 cm from both the beryllium surface and the detector surface. To maximize the back-scattered neutron
flux of lower-energy neutrons reaching the detector, the source-to-setup distance is minimized within the available
geometrical constraints. Furthermore, the source is located along the negative x-axis relative to the Be-CH2-Pb
geometry configuration, as illustrated in Figure 1.

The tallies defined in this problem are circular surfaces aligned along the negative x-axis relative to the source.
The tallies have a radius of 0.8 cm, and they are positioned 0.5 cm away from the source, mirroring the setup
geometry. Both tallies are defined at the same position and with the same size. The first tally records the neutron
flux for the 1 eV to 100 eV energy interval, while the second tally calculating the neutrons flux between 0.5 keV
and 10 keV. These two tallies create conflicting objectives for the optimization problem due to the moderation

difference required to reach these energy ranges.

2.2. Ion-to-neutron Converter Problem

The second design problem investigated in this paper is a ion-to-neutron converter design with high yield and
high directionality. Directional neutron sources are widely used in various applications, including material analysis,
imaging, isotope production, reactor optimization, and detecting fissile materials [82, 83, 84, 85]. The most effective
short-pulse laser-driven neutron generation experiments use a two-stage “pitcher-catcher” configuration [86, 87].
The two-stage pitcher-catcher configuration is shown in Figure 2. In this configuration, a high-intensity laser
(greater than 10'® W/cm?) is used to accelerate protons and deuterons from a thin deuteron enriched-plastic
target. The deuteron enriched plastic target thickness typically ranges from 100 nanometers to 10 micrometers.
This target is also referred to as the ”pitcher”. When the high-intensity laser pulse is incident on the pitcher,
proton (p*) and deuteron (d*) ions located on this target are freed from the target and accelerated, creating an ion
beam. This beam then interacts with a ”catcher” target to produce neutrons. The catcher is usually composed of
beryllium (Be) or lithium fluoride (LiF). The typical thickness of the catcher ranges from a millimeter to several

centimeters. The (p,n) and (d,n) reactions in the catcher material leads to neutron production.
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Figure 2: Illustration of the pitcher-catcher configuration used for laser-driven neutron production .
In this study, the converter—also referred to as the catcher—is optimized to maximize both the average cosine of

the emitted neutron distribution and the total neutron yield. The design is parameterized by two binary variables:

the converter material and its geometric shape. The design is further parameterized by the base radius and height



of both the cylindrical and conical structures. The positioning of the converter structure and problem geometry

are given in Figure 3.
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Figure 3: Simulated geometry for the ion-to-neutron converter problem. The ion-to-neutron converter dimensions are parametric in
the problem, and are not drawn to size in this figure.

To establish the ion beam properties for this study, we adopt experimental results obtained atthe OMEGA EP
laser facility [88]. The proton-deuteron source was generated using a kilojoule-class beamline operated at 500 J
with 0.7 ps compression, focused such that 80% of laser intensity was contained within approximately 15 micron
radius [89]. This laser was incident upon a 700 nm thick CD (deuterated plastic) film. The proton and deuteron
spatial distribution were been measured using radiochromatic films located beyond the pitcher system. The signal
distribution across the radiochromatic film in Figure 4 was used for creating the directional distribution of the

proton and deuteron sources within the MCNP simulations [89].

Figure 4: The radiochromatic film signal after the incident proton-deuteron pulse from the deuteron-enriched hydrocarbon film pitcher.

The radiochromic film stack used for recording ion detections was positioned 10 cm from the pitcher structure.
The film in Figure 4 had the highest resolution, and was selected for converting the ion detections into an angular
profile of the ion beam. Films within the stack were spaced 0.8 cm apart, with the highest resolution film located

11.6 cm from the ion beam source. Given the film dimensions of 5 cm by 5 c¢cm, the angle from the beam center to



the film’s farthest corner was calculated to be 0.11 radians. This value has been used for scaling the x and y axis
values in the Gaussian function fitting in the next step.

A two-dimensional Gaussian function was fit to the amplitude profile shown in Figure 5. Prior to the analysis,
the detection image was inverted to accurately capture the increased darkness corresponding to higher ion exposure.
The fitted Gaussian function was normalized so that the integral of its magnitude over the range [-7/2, 7/2] equals
one, ensuring an accurate representation of the angular distribution. The normalized Gaussian function is presented

in Eq.(1), and the corresponding angular distribution of the ion source is illustrated in Figure 5.
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In addition to the ion beam’s angular distribution, its energy distribution is required for modeling. The ion
energies were also derived from experimental data collected at the OMEGA EP. Figure 6 presents the ion spectra
measured from a 700 nm thick CD foil irradiated with a 500 J, 0.7 ps pulse, as recorded using a Thomson Parabola
spectrometer [89] (Thompson parabola analysis described in [90][91]). The spectra were scaled to reflect the total
number of protons and deuterons per shot—1.1x10'3 and 3.3x10'2, respectively. These yields indicate that the
ion beam comprises approximately 77% protons and 23% deuterons. It is thought that the humidity on the surface

of the plastic film is responsible for the the high proton yield in the ion beam.
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Figure 5: The angular ion source used in MCNP simulations. The steps in the figure represents the angular bins used in the MCNP
simulations.

The energy distribution of the protons and deuterons in the ion beam is shown in Figure 6. In our simulations,
the MCNP source definitions specifying the proton and deuteron beam parameters were held constant across the
catcher parameter space. This consistency ensures that any observed variations in the neutron energy distribution
are attributable solely to differences in the catcher designs rather than fluctuations in the ion source characteristics.

Separate MCNP simulations were performed for protons and deuterons, using identical geometries and tally
uncertainty cutoff values in each case. After the simulations, the resulting tallies were combined by weighting them
according to the relative percentages of protons and deuterons present in the experimental ion beam measurement.
The final, weighted tally values are reported on a per-laser-shot basis, ensuring that the simulation results accurately
reflect the experimentally observed ion beam composition. Due to limitations in available data, a major assumption

was made whereby the angular and energy dependencies of the ions were neglected in both the dataset creation
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Figure 6: Energy distribution of protons and deuterons with a total of 1.1 x 10'3p* and 3.3 x 1012d* ions.

and the MCNP simulations.

To analyze the angular distribution of neutrons behind the converter, a spherical tally surface of 10 cm radius
was centered on the converter’s incident surface (i.e., where the ion beam first contacts the catcher). This spherical
surface was then partitioned into ten distinct conical sectors, each corresponding to a specific polar angle range
measured from the central axis normal to the converter surface. Specifically, the first sector covers 0° to 5°, the
second 5° to 10°, the third 10° to 20°, and so on, up to 80° to 90°. By tallying neutrons crossing each conical sector,
we capture the angular dependence of the neutron flux and energy distribution. This approach ensures that the
influence of the converter geometry on neutron scattering is resolved across multiple angular intervals, facilitating
a detailed comparison of directional neutron emission characteristics.

Simulation tally values are used for establishing two optimization objectives of the problem. The first objective
is derived by computing a weighted average cosine of the neutron angular distribution. The second objective is
defined as the total neutron yield per laser pulse. This is the total number of neutrons observed on the spherical
tally surface when the incident ion beam, as described in the previous section, interacts with the converter structure
characterized by its selected height, base radius, shape, and material parameters. The calculation of the objective

values from the tally results are explained in the next section.

3. Optimization Methodology

The previous section defines the engineering problems that will be analyzed in this study using Monte Carlo
simulations. These problem definitions are used for creating the dataset for surrogate model training. The input
and output parameters of the MCNP simulations, the surrogate model data, surrogate model parameters, and

optimization parameters applied on the surrogate models are explained in this section.

3.1. Dataset Input and Output Parameters

3.1.1. The Moderator Design Problem Parameters
In the moderator design problem, the thicknesses of the moderator regions are the primary input parameters.

Each material layer’s thickness was varied in the MCNP simulations to generate a comprehensive set of input files.
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The initial methodology was to present 3 input parameters for each layer’s thickness in the moderator-reflector
structure. However, the effect of the Pb layer inevitably saturates since the amount of the neutrons in the Pb
layer decreases exponentially. To show this condition, the uncollided neutron flux in the one dimensional neutron
transport problem is given in Eq.(2) as an example. Using the saturated Pb layer thickness for all simulations

removes an input parameter and decreases the computational cost of the data generation.

8(s) = doesp (-1, )
I
where ¢(x, 1) is the uncollided flux in moderator, ¢q is initial flux, and ¥; is the total cross section

Preliminary simulations revealed that the effect of the Pb layer saturates between 2 cm and 10 cm for various Be
and PE thicknesses. Therefore, a uniform Pb layer thickness of 10 cm was adopted for all subsequent simulations.
The Be and PE layer thickness values were varied systematically within an input parameter grid: the Be layer
thickness ranged from 0.003 cm to 0.09 cm in 30 linearly spaced steps of 0.003 c¢m, while the PE layer thickness
ranged from 0.75 cm to 2.5 cm in 25 linearly spaced steps of 0.03 cm.

The objective functions for optimization are derived directly from the raw tally outputs of the MCNP simulation.
These tallies measure the back-scattered neutron flux over a circular surface with a diameter of 0.8 cm, positioned
1 cm from the first moderator layer. The tallies record the neutron flux in units of cm?/source particle, with one
tally integrating over the 1-100 eV range and another over the 0.5-10 keV range. Thus, while the number of
simulated particles (NPS) influences the statistical uncertainty, it does not alter the underlying measured values,
which constitute the primary focus of this work.

Each of the simulations in the defined input parameter grid has been run with 5 different average ”total tally”
uncertainties. For example, if 1 % minimal uncertainty is required, the simulation is stopped once the total flux
uncertainty is smaller than that threshold. These tally uncertainty values have been selected as 10%, 7.5%, 5%, 3%
and 1%. The detectors in the energy range between 1 eV and 100 eV require more moderation in the moderator-
reflector structure. The uncertainty value of this tally has been detected to be higher in the generated MCNP
simulations. For this reason, the tally uncertainty cutoff has been set for the tally tracking the particles from 1 eV
to 100 eV neutron energies. By using the described input parameter grid and the uncertainty values, a moderator
design problem dataset has been created with 3750 samples, which will be used to train the surrogate model. The

parameter range explored in this problem is summarized in Table 1.

Table 1: Neutron Moderator Design Problem Input and Output Parameters.

Parameter Input/Output | Parameter Range

Be Layer Thickness Input [0.003, 0.09] in 30 steps
PE Layer Thickness Input [0.75, 2.5] in 25 steps
Tally Uncertainty Input 10%, 7.5%, 5%, 3%, 1%
1-100 eV Neutron Flux Tally Output -

0.5-10 keV Neutron Flux Tally | Output -
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3.1.2. The Ion-to-neutron Converter Design Problem Parameters

In the ion-to-neutron converter problem, converter material, shape, height and radius have been used for creating
the input space of the problem. Two materials, beryllium (Be) and lithium fluoride (LiF), were implemented in
the MCNP simulations. Additionally, two distinct geometries were considered: a cylinder and a cone. For the
cylindrical configuration, one of the circular base normals is oriented toward the ion beam while the opposite base
is aligned with the directional neutron beam. In the conical configuration, the apex of the cone is directed at the ion
beam, with the base aligned along the neutron beam direction. The maximum converter height for the simulations
was set to the range of the highest-range protons in the problem—2.2 cm for 60 MeV protons in Be [92]. This
value was thus adopted as the maximum height for both the cylindrical and conical converter geometries, while the
maximum base radius was arbitrarily set at 1 cm. To systematically investigate the effects of these dimensions, an
input parameter grid was established: the converter height was varied from 0.05 cm to 2.2 cm in 44 linearly spaced
increments of 0.05 cm, and the base radius was varied from 0.1 cm to 1 cm in 10 linearly spaced increments of 0.1
cm. Each simulation has been created with for incident proton ions and incident deuteron ions.

The output parameters (i.e., objectives) of the second problem are the average cosine of the emitted neutrons,
and the total yield of the converter. To achieve the weighted average cosine objective, the neutron flux per laser
pulse from each angular bin is multiplied by the cosine of the bin’s central angle. Since the conical surface area
increases with higher cone apex angles, normalizing the flux—by dividing each tally by the total flux across all
bins—effectively compensates for this geometric effect. The weighted cosine values are then summed to yield the
average cosine. The value of the second objective, the total yield of the converter, is directly taken from the tally
result of the simulations. This tally is placed around the catcher structure of the problem. The tally value signifies
the number of detections on the spherical surface encompassing the pitcher and catcher structure.

Each of the simulations in the defined input parameter grid was run using 5 different average tally uncertainty
values: 5%, 3.5%, 2%, 1% and 0.2%. The uncertainty value of the spherical neutron tally is the only tally surface
in this problem. The tally uncertainty cutoff has been set for the spherical tally surface. By using the described
input parameter grid and the uncertainty values, 17600 simulations with 8300 geometries (2 particle simulations
per geometry) have been created for the surrogate model training. Two simulations with incoming p* and d* ions
create a single converter behavior for an incoming ion beam. After running the MCNP simulations, the results

* jons and 3.3x10'2 d* ions for each geometry. A converter design dataset has been

are combined for 1.1x10' p
created for 8800 geometries. The parameter range explored in the problem is summarized in Table 2. Figure 7
illustrates the dataset creation steps.

Table 2: Ton-to-neutron Converter Design Problem Input and Output Parameters

Parameter Input/Output | Parameter Range
Converter Shape Input Cylinder, Cone
Converter Material Input Be, LiF

Shape Height Input [0.05, 2.2] in 44 steps
Shape Base Radius Input [0.1, 1] in 10 steps

Tally Uncertainty Input 5%, 3.5%, 2%, 1%, 0.2%
Average Cosine of Neutrons Output -

Total Neutron Yield per Laser Pulse | Output -
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Figure 7: The flowchart summarizing the dataset creation.

3.2. FNN Surrogate Model Training

In the previous section, we prepared data comprising two distinct problems, each characterized by five levels of
tally uncertainty. For each problem, the dataset was partitioned into five subsets based on these uncertainty levels,
and a surrogate model was developed for each subset.

A grid search was employed to tune the hyperparameters of the surrogate models. This optimization approach
was applied to the five models corresponding to the distinct tally uncertainty levels for both the neutron moderator
design problem and the ion-to-neutron converter design problem. Table 3 summarizes the hyperparameter grid

explored during this tuning process.

Table 3: Hyperparameter grid used in the tuning of the surrogate models.

Model Parameters Values

Number of Layers 1,4,7,10
Neurons per Layers | 100, 400, 700, 1000
Learning Rate le-3, 4e-4, le-4
Batch Size 1,24

The hyperparameter tuning is performed for Keras/Tensorflow-based FNN surrogate models using fully-connected
dense layers. Each model is built with hidden layers that employ the rectified linear unit (ReLU) activation function
to capture non-linear relationships. Prior to training, both input features and target values are standardized using
standard scaling, where the inputs have a mean of 0 and a standard deviation of 1. This improves convergence and
overall model performance.

During hyperparameter tuning, the model is configured to train for a maximum of 200 epochs while employing
an early stopping strategy. Early stopping monitors the test set Mean Squared Error (MSE) and terminates training
if no improvement is observed over 20 consecutive epochs. The early stopping decreases the computational cost of
the hyperparameter tuning process and prevents overfitting by halting training when no significant improvement
is detected. As a result of using early stopping in the training process, the training of the models typically ended
in fewer than 150 epochs. The performance of each model is measured using the R? (coefficient of determination)
metric on a held-out test set. To manage the computational load of this exhaustive search, the process is parallelized,
allowing simultaneous evaluation of many hyperparameter combinations.

Hyperparameter tuning is carried out independently for each of the five tally uncertainty data subsets corre-
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sponding to two different problems—yielding a total of ten distinct hyperparameter sets. For each subset, a grid
search is performed over various combinations of the number of layers, neurons per layer, batch sizes, and learning
rates, with training executed in parallel to enhance efficiency. The optimal hyperparameter set for each dataset is
then used to export the best performing FNN surrogate models, which are subsequently employed in the NSGA-III

optimization process as detailed in the following subsection.

3.8. NSGA-III Optimization of Surrogate Models

After the surrogate models have been trained and the best hyperparameters identified, the next step is to employ
these models within an NSGA-III optimization framework. This process is executed separately for each of the five
surrogate models across two distinct problems, resulting in a total of ten independent optimization runs. The
following subsection outlines the methodology and key parameters involved in the NSGA-IIT optimization process.

The pre-trained Keras models serve as surrogate evaluators. Instead of directly performing costly high-fidelity
MCNP simulations, these models predict objective function values for a given set of input parameters, significantly
reducing computational overhead. The two optimization problems described in Section 2 are considered for repre-
senting with FNN surrogate models. Each problem is defined by its own set of design variables, objective functions,
and constraints. The surrogate models are tailored to capture the specific characteristics of the data corresponding
to each problem.

NSGA-III [93] is a state-of-the-art evolutionary algorithm designed to solve many-objective optimization prob-
lems. It employs reference directions to guide the selection process, ensuring a diverse spread of solutions along
the Pareto-front. The optimization begins with the generation of a diverse initial population. This is achieved
by sampling within the predefined bounds of the design variables, ensuring the proper exploration of the solution
space. The number of candidate solutions maintained in each generation is critical. It is chosen based on the
problem complexity and the number of objectives to ensure sufficient diversity. The maximum number of evolu-
tionary cycles is defined to control the computational budget. The algorithm iterates through these generations
until convergence criteria are met. Genetic operators—crossover and mutation—are applied to the population to
generate new candidate solutions. Their probabilities are set to balance exploration (searching new areas) and
exploitation (refining existing solutions). A set of evenly distributed reference directions is established. These
directions guide the selection process by associating each candidate with a specific reference point, thereby main-
taining a well-distributed Pareto-front. The optimization process concludes when either the maximum number of
generations is reached or the solution improvements fall below a specified threshold, indicating convergence.

In each generation, the algorithm applies selection, crossover, and mutation to create offspring, combining traits
of the current population to explore new regions of the design space. Each candidate solution is evaluated using
the corresponding surrogate model. This evaluation predicts the performance metrics for each candidate, serving
as a basis for multi-objective ranking. Candidates are ranked based on Pareto dominance, and the reference
direction mechanism ensures that the selected solutions represent a diverse set of trade-offs between objectives.
Upon termination, the algorithm outputs a Pareto-optimal set of solutions. These represent the best trade-offs
found between competing objectives, offering valuable insights for decision-making.

By applying the NSGA-III optimization separately for each of the five data subsets (corresponding to different
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Figure 8: The flowchart summarizing the calculation of hypervolume loss for each FNN surrogate model created with different MCNP
tally uncertainty values in the training data.

tally uncertainty levels) across two problems, the methodology addresses a variety of scenarios. This integrated
methodology of surrogate modeling and NSGA-III optimization enables efficient exploration of the design space in
both problems.

Once the NSGA-III optimization has produced its results based on the hyperparameter-tuned surrogate models,
the best-performing individuals—those with the optimal input parameters—are extracted. These parameters are
then used as inputs for high-fidelity verification simulations using MCNP code. This step evaluates the validity of
the surrogate-based predictions by checking them against rigorous, computationally expensive simulation results,
ensuring that the surrogate models’ outcomes are verified. The research methodology to create the surrogate
models, optimization predictions and hypervolume results are given in Figure 8.

In the verification phase, the results from the MCNP simulations are compared against the simulations conducted
using the lowest uncertainty dataset (i.e., the 1% tally uncertainty dataset for the moderator design problem and
0.2% tally uncertainty dataset for the converter problem), which is treated as the ground truth. The loss of Pareto-
front is reported with increased tally uncertainty limit. The comparison is based on the normalized hypervolume
metric—a measure that quantifies the volume of the objective space dominated by the Pareto-front. For both
optimization problems, the worst-case point (nadir point) is defined as the combination of the worst observed
objective values in the dataset. Pareto-front hypervolumes are computed with respect to this reference point.
2D hypervolume calculation equation is given in Eq.(3). By evaluating what percentage of the ground truth
hypervolume is achieved by the best individuals from the NSGA-III run, the methodology provides a clear and
quantitative measure of how closely the surrogate-driven optimization approximates the performance of the most
accurate simulations. This analysis not only validates the efficacy of the surrogate models but also offers insights

into potential areas for further refinement.

HV-2D =

L& (my, k41 k), (k R k+1), (R k
S |2 (P =) P Y ™) e 07 - 08)) (3)
=1

where (yiR),yéR)) is the reference point, the points (yil), yél)) to (y%N),yéN)) are the sorted 2D Pareto-front, and

N is the number of Pareto-front individuals.

3.4. Computing Resources

To maximize computational efficiency during dataset generation, this study used five distinct clusters at Los

Alamos National Laboratories to maximize computational efficiency during the dataset generation stage. For the
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neutron moderator design problem, the MCNP simulation input files were distributed across four clusters—Bobcat,
Thundercloud, Cougar, and Ocelot (in total ~3500 cores)—located at LANCE and the Lujan Center within the
P-2 group, which operate under the TurbOS environment [94]. Meanwhile, the ion-to-neutron converter design
problem was processed on the Midnight cluster of the Nuclear Engineering and Nonproliferation (NEN) Division.
This distributed approach ensures robust and scalable performance by leveraging the specialized resources available
at each cluster.

The surrogate model hyperparameter tuning in this research used an internal server at the University of Michi-
gan. The grid search was performed using a multithreading calculation of 144 threads (72 cores), and successfully
completed over a span of 6 hours. For the FNN surrogate model training, we employed TensorFlow 2.18.0 and
Keras 3.9.0 to train the models. The optimization of the FNN surrogate models have been done by using NEORL
1.8 [95] Python package. We conducted the hyperparameter tuning and surrogate model training on the same
internal server, which is equipped with two AMD EPYC 9654 processors, each providing 96 cores operating at
2.4-3.7 GHz, resulting in a total of 192 cores and 384 threads. Additionally, the server features four NVIDIA RTX
6000 Ada Generation GPUs and 1536 GB of DDR5 RAM.

4. Results and Discussions

This section is organized into four parts. First, we present the initial MCNP simulation results used for data
generation. Second, we discuss the training outcomes of the FNN surrogate model. Third, we detail the optimization

performed on the surrogate models. Finally, we verify the optimization results with additional MCNP simulations.

4.1. Dataset Generation

The dataset described in Section 3.1 comprises two distinct problems across five different tally uncertainty
levels. Specifically, the neutron moderator design problem yields a total number of 3,750 data points, while the
ion-to-neutron converter problem contributes a total number of 8,800 data points. To construct these datasets,
MCNP simulations were executed using the corresponding input parameters for each data point, and the resulting
tally values were extracted. Figure 9 and Figure 10 provide visual illustrations of how the tally values for the
neutron moderator design problem and ion-to-neutron converter design problem evolve under different levels of
tally uncertainty.

Each colored cluster in the plot corresponds to a specific tally uncertainty level, revealing both the spread and
overall displacement of data points in the two-dimensional tally space. Notably, when the tally uncertainty is small
(around 1%), the data points follow a relatively well-defined curve. This curve can be interpreted as a Pareto-front,
representing the trade-off between the 1-100 eV tally and the 0.5-10 keV tally of Figure 9 and the trade-off between
the total number of neutrons created and average neutron scattering cosine in Figure 10. In contrast, as the error
level increases (beyond 5%), the clusters become more diffuse and the Pareto-front effectively disappears, obscured
by the larger scatter in the data. Please note that the difference between 1% and 0.2% data is very small in the
ion-to-neutron converter design problem data. The difference can only be detected in smaller scales.

One way to interpret this increasing scatter is to consider how stochastic fluctuations in neutron transport

simulations can inflate or distort the observed tallies. At lower error levels, the effects of random sampling in MCNP
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Figure 9: The data obtained from the MCNP simulation results of the neutron moderator design problem.
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Figure 10: The data obtained from MCNP simulation results of the ion-to-neutron converter design problem.

simulations remain small enough that the underlying physics-driven trends are still clearly visible. The tallies align
more closely with deterministic expectations, making it possible to delineate trade-offs between different energy
ranges. However, at higher error levels, the random fluctuations are significant enough to mask these trends, making
the dataset appear “noisier.” This noise can lead to tallies that deviate substantially from their nominal converged
mean values, thus broadening the distribution and merging regions of the design space that would otherwise be
distinct.

Additionally, Figure 9 and Figure 10 highlight how tally uncertainties can cause both a systematic shift in the
data and an expansion of its spread. The systematic shift might appear as a slight shift in the centroid of each
cluster—meaning that on average, the tallies at a higher error level can be offset from those at a lower error level.

Meanwhile, the increased spread indicates that even points with similar input parameters can exhibit noticeably
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different tally results, making it difficult to identify clear performance optima or trade-off boundaries. For tasks
such as optimization or surrogate model training, this ambiguity complicates the search for best-performing designs
as we will be noticing later on. When building surrogate models, the broader scatter requires more robust fitting
techniques to avoid overfitting spurious patterns or underfitting legitimate trends.

From a multi-objective optimization standpoint, the disappearance of the Pareto-front at higher error levels
is particularly important. A clear Pareto-front, as seen in the 1% error dataset in Figure 9, allows designers
and analysts to select trade-off solutions based on their specific performance criteria in different energy ranges.
However, once the front becomes obscured, the optimization process may converge to suboptimal points or yield
highly uncertain estimates of the objective functions. This highlights the practical implications of tally uncertainties:
even if one is theoretically interested in optimizing multiple objectives (e.g., flux in different energy ranges), the
accuracy and precision of the tallies can become the limiting factor in how well those objectives can be discerned
and balanced.

To summarize the dataset generation with differing error percentages, Figure 9 and Figure 10 show the critical
role of tally uncertainty in shaping the distribution of tally results. Low-error data reveals clear trade-offs and
patterns that can guide design decisions but are expensive to generate, whereas high-error data that are not
expensive obscure these trends, complicating the modeling and optimization tasks. The implications of this tally

uncertainty for surrogate model construction are explored further in the following sections.

4.2. Surrogate Model Creation

The performances of the FNN surrogate models were evaluated using two regression metrics: Mean Squared
Error (MSE) and the coefficient of determination (R?). MSE quantifies the average squared difference between
predicted and actual values, penalizing larger errors more severely, while R? measures the proportion of variance
in the target variable explained by the model—with values closer to 1 indicating a better fit. These metrics are

mathematically defined as follows:
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(4)
where n is the number of samples in the test set, y; is the predicted value of sample ¢ by the surrogate model, y;
is the true value for sample i, and gy is the mean of the true values (y;) for all samples from 1 to n. In training,
each surrogate model was optimized by minimizing the test data MSE. For each model, 15% of the data subset was
reserved as the test set, and the model achieving the lowest test MSE during training was selected. After training,
the models were further compared based on their test set R? scores. Hyperparameter tuning was performed over
the input parameter grid described in Table 3. The parameter sets that produced the highest test set R? scores
were deemed optimal. For the neutron moderator design problem, the best model parameters are reported in Table
4, while those for the ion-to-neutron converter design problem are listed in Table 5.

Table 4 and Table 5 summarize the tuned hyperparameters for the FNN surrogate models developed for the

selected design problems. FEach row corresponds to a different level of tally uncertainty in the training data,
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Table 4: Tuned surrogate model parameters for neutron moderator design problem.

Tally Uncertainty | Number of Layers | Neurons per Layers | Learning Rate | Batch Size | Model R? Score
1% 4 400 le-4 2 0.999724
3% 4 1000 le-4 4 0.994461
5% 4 700 le-4 4 0.997316
7.5% 4 1000 le-4 2 0.995442
10% 4 400 de-4 4 0.992057

Table 5: Tuned surrogate model parameters for ion-to-neutron converter design problem.

Tally Uncertainty | Number of Layers | Neurons per Layers | Learning Rate | Batch Size | Model R? Score
0.2% 7 700 le-4 4 0.997795
1% 4 700 le-4 2 0.997810
2% 4 1000 le-4 2 0.994906
3.5% 4 400 le-4 2 0.992572
5% 7 700 le-4 4 0.991109

highlighting how the inherent noise influences the model architecture and training settings.

For the selected design problems, most surrogate models were configured with 4 and 7 layers, suggesting that
this depth was sufficient to capture the underlying simulation behavior across different noise levels. However, the
number of neurons per layer varied—ranging from 400 to 1000—which indicates that some models required a higher
capacity to effectively learn from more complex or noisier data. The learning rate was maintained at le-4 for most
cases, with a slight increase to 4e-4 for a single case of 10% uncertainty model. Batch size adjustments (from 2 to
4) further reflect the fine-tuning process aimed at optimizing the convergence behavior of each model based on the
quality of the input data. The high R? scores (ranging from 0.991 to 0.999) demonstrate that the surrogate models
generalize extremely well to the test data, faithfully replicating the behavior of the original MCNP simulations. This
near-perfect performance confirms that the models are capable of capturing the complex input-output relationships
despite the varying levels of inherent tally uncertainty, and the models are perfectly generalized for the problems

and ready to provide accurate predictions.
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Figure 11: The validation MSE metrics of FNN surrogate models trained for neutron moderator design problem (left) and ion-to-
neutron converter design problem (right).
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Figure 12: The input-output relation of a selected FNN surrogate model (trained with neutron moderator design problem data with
1% tally uncertainty).

While the surrogate models accurately predict the MCNP simulation outputs, they inherently incorporate
the tally uncertainty present in their training and test data. The observed variations in hyperparameters across
different uncertainty levels underscore the importance of careful hyperparameter tuning. After identifying the
optimal hyperparameters, the models were retrained to allow for a more in-depth analysis of their characteristics.
Figure 11 presents the evolution of training and validation MSE metrics for each surrogate model, clearly showing
that the minimum MSE achieved is inversely related to the error percentage of the training data. This trend is
further supported by the R? metrics presented in Tables 4 and 5. Notably, no correlation was found between the
number of training epochs and the error percentage of the training data.

The surrogate model developed for the neutron moderator design problem using a 1% tally uncertainty was
chosen as a representative example; its input-output relationship is depicted in Figure 12. In the neutron moderator
design problem, all surrogate models show a similar input-output relationship in the problem with variations
dependent on their inherent training data tally uncertainty percentage. The 10 refined FNN surrogate models, as

summarized in Tables 4 and 5, serve as the basis for the subsequent surrogate model optimization phase.

4.8. Surrogate-driven Multi-objective Optimization

To further explore the design space and identify optimal trade-offs between conflicting objectives, we employed
the NSGA-III evolutionary algorithm using the NeuroEvolution Optimization with Reinforcement Learning (NE-
ORL) [95] package. The optimization process was configured with the following parameters: a population size of
100, a two-point crossover mode with an alpha value of 0.5 and a crossover probability of 0.7, a mutation probability
of 0.2, and mutation limits set between 0.01 and 0.5. The algorithm was executed for 100 generations. Figures 13
and 14 illustrate the performance of the NSGA-III multiobjective optimization routine using two semi-logarithmic
subplots. Figure 13 shows the change of fitness values in each generation for the neutron moderator design problem.
Figure 14 shows the change of fitness values in each generation for the ion-to-neutron converter problem. In each

of these figures, all FNN surrogate models are the models trained with different tally uncertainty values in the

21



same problem. The left subplot displays the evolution of the best uncovered objective 1 values, while the right
subplot shows the corresponding progression for objective 2 values. Each subplot includes five curves that represent
the optimization runs performed on different surrogate models, with the best objective values found in every
generation are plotted. With a population size of 100, all routines converge after 25 generations. The variation in
the converged values reflects the differences in the fitness functions of the surrogate models. Notably, all routines
achieve maximization of their respective objective values within these generations, demonstrating the efficiency of

the NSGA-IIT algorithm on these problems.
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Figure 13: Change of the best objective value discovered during optimization of the neutron moderator design problem using its
trained surrogate models. Only the first 25 generations are plotted since the next 75 generations do not show improvement in the best
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is simple (as given in Figure 12) and it converges very quickly.

-1
8.46 x 10 1.94 x 10°

8.44x 107!
1.92 x 10°

0.2% Tally Error Model
1% Tally Error Model

—8— 0.2% Tally Error Model ——
——
—8— 2% Tally Error Model
-
—o—

8.42x 1071 —0— 1% Tally Error Model
—8— 2% Tally Error Model

4

Average Scattering Cosine [-]

—8— 3.5% Tally Error Model 1.9 x 10° 3.5% Tally Error Model
—®— 5% Tally Error Model 5% Tally Error Model 4
8.4 %107t /
1.88 x 10°

Total Number of Created Neutrons [n per laser pulse]

8.38x 1071 1{ | )\ / 1
| "":pvvv—'vv"vvv'vv' ".

1.86 x 10°

0 5 10 15 20 25 15 20 25
Generation Generation

o
v
—
o

Figure 14: Change of the best objective value discovered during optimization of the ion-to-neutron design problem using its trained
surrogate models. Only the first 25 generations are plotted since the next 75 generations do not show improvement in the best objective
values.
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The five surrogate models in Figure 13 are applied to the neutron moderator design problem, and five surrogate
models in Figure 14 are applied to the ion-to-neutron converter design problem. Yet each of the models are
trained on datasets with distinct tally uncertainty rates. The maximum achievable objective value of each model
is influenced by both the inherent best performance and the associated tally uncertainty at that optimum point.
Consequently, the optimal objective values differ among the FNN surrogate models. Even though the surrogate
models address the same problem, the best solutions they produce vary as shown in Figure 13 and 14.

The NSGA-III optimization algorithm successfully generated 100 Pareto-optimal points for each surrogate
model, representing a diverse set of candidate solutions on the predicted Pareto-front. These candidate solutions
capture the intricate trade-offs inherent in the design problem, as approximated by the surrogate models. However,
the predicted pareto-front changes drastically with the tally uncertainty level. Even though the training metrics of
the surrogate models are near perfect, the errors carried from the data acquisition present in the predictions made
by the models. The effect of these carried errors is the inaccuracy of the trained surrogate models when compared to
the actual problem objective function. The change of best point predictions in the optimization results can be seen
in Figure 15. Please note that some of the points predicted by the surrogate models are not physically achievable
in the original problem. This is primarily due to the noise in the training data, which can cause the models to
overestimate objective values beyond realistic limits. Optimization results from low-accuracy models that appear
to outperform high-accuracy models are often products of these training errors. These inflated predictions reflect

the inherent inaccuracies introduced by using data with significant tally uncertainties.
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Figure 15: The optimization Pareto-front curves of the predictions made by using the trained surrogate models and NSGA-IIT algorithm
for neutron moderator design problem (left) and ion-to-neutron converter design problem (right).

The NSGA-III algorithm used in the optimization aims to maximize both objectives. However, it is not possible
to maximize both objectives at the same time for the selected problems. These two problems present Pareto-fronts
which require building an optimized curve with trade-offs of objectives. The Pareto-fronts created by running the
optimization algorithm on the created surrogate models are given in Figure 15. The best points of this optimization
process are located on the Pareto-front and the input parameters corresponding to these Pareto-front optimal points

are used in the verification phase using MCNP simulations. In the next phase of our study, the performance of these
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candidate solutions will be verified through MCNP simulations, enabling us to assess the accuracy and reliability

of the surrogate model predictions.

4.4. Optimization Result Verification

For each of the design problems investigated in this work, the neutron moderator design problem and the ion-
to-neutron converter design problem, five surrogate models were constructed. The top 100 optimization points
from each model were selected, yielding 500 optimized points per problem for the five tally uncertainty levels. The
input parameters of these points were then used to generate high-fidelity MCNP simulations with a 0.1% tally
uncertainty cutoff, which will be used as reference simulations. In total, the 1000 points from both problems serve
as the verification points for our analysis. Since the NSGA-III optimization algorithm is a continuous optimization
algorithm, the points resulting from the optimization have many floating digits. In order to limit the precision
of the simulation parameters, the input parameters are rounded to 3 floating points before creating the MCNP
simulations of the verification set.

The value of the normalized hypervolume is used as a comparison metric for the optimization performances.
The verification results are normalized in between the maximum and minimum values observed in the verification
set simulations. For each objective, the maximum values in the verification results are set to 1, and minimum
values are set to 0. The nadir point, combination of the worst observed objectives, was chosen as the reference
point for hypervolume calculations. After normalization, this point has been set to (0,0).

The impact of surrogate model training data uncertainty on optimization performance reveals contrasting be-
haviors between the neutron moderator and ion-to-neutron converter design problems. The verification results
after the MCNP verification simulations can be seen in Figure 16. These points are created by the high-fidelity
simulations of the exact same input parameters that Figure 15 used in the surrogate model predictions. In the
moderator design problem, surrogate models trained with a 1% error achieved a normalized hypervolume of 0.8863
relative to the maximum theoretical hypervolume. As the training error was increased, the corresponding hyper-
volume decreased. In this problem, increasing the tally uncertainty from 1.0% to 10.0% results in a monotonic
degradation of the normalized hypervolume, with a relative loss exceeding 15%. This indicates that surrogate
model accuracy is critical to maintaining optimization quality in this problem, where higher uncertainties lead to
increasingly suboptimal solutions.

In the ion-to-neutron converter design problem, the relationship between data uncertainty and optimization
performance is non-monotonic. While the lowest error (0.2%) yields the highest normalized hypervolume value of
0.4954, moderate increases in error (e.g., 3.5% and 5.0%) still produce near-equivalent performance, with relative
losses remaining within 2%. Notably, the 2.0% error case results in the lowest hypervolume. However, the reduction
is minor, with the resulting value still falling within 5% of the maximum achievable hypervolume across all tally
uncertainty levels considered in this study.

The effect of tally uncertainty in data creation is the same in both problems to the initial data, increasing the
spread of the data and a systematic shift. However, the surrogate-models are able to recover the Pareto-front in
certain cases, resulting in a complex influence on optimization in this setting. Since the effect of data uncertainty is

probabilistic, its data degrading effects may not propagate in every single data uncertainty level. Even though the
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data quality of the ion-to-neutron converter problem has degraded with the increasing data uncertainty (as shown
in Figure 10), and the obtained Pareto-front has systematically shifted (as shown in Figure 15), the surrogate-driven
optimization was able to obtain the true Pareto-front unlike the neutron moderator design problem.

From a computational perspective, both problems show substantial speedups with increased uncertainty due
to the decreased number of particles used in these simulations. These findings suggest that while certain prob-
lems demand high-fidelity surrogates to preserve solution quality, others perform well even under high simulation
uncertainty, enabling significant computational savings without compromising optimization performance.

These findings suggest that the quality of the predicted Pareto front is inherently problem-dependent. In
certain problems, increasing the uncertainty in the training data significantly degrades optimization performance,
necessitating the use of high-fidelity simulations to preserve solution quality. Conversely, other problems exhibit
robustness to surrogate model inaccuracies, where even low-fidelity data (despite its apparent noise) can yield
comparable optimization outcomes. This indicates that high simulation accuracy may not always be essential to
gain meaningful insights. Identifying the sensitivity of a given problem to training data uncertainty is therefore
crucial. Tailoring the fidelity level to the problem’s tolerance for error offers a promising strategy to substantially

reduce the computational burden of data generation without compromising the effectiveness of the optimization

process.
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Figure 16: Verification MCNP simulation results and discovered Pareto-fronts for neutron moderator design problem (left) and ion-to-
neutron converter design problem (right).

Table 6: Normalized hypervolume with respect to surrogate model training data tally uncertainty in the neutron moderator design
problem.

Training Data Uncertainty (%) 1.0 3.0 5.0 7.5 10.0
Normalized Hypervolume 0.8863 | 0.8496 0.7805 0.7640 0.7483
Relative Hypervolume Loss 0% 4.141% | 11.937% | 13.190% | 15.570%

An interesting observation from our study is that some feedforward neural network (FNN) surrogate models
trained on low-fidelity simulation data tend to amplify the effects of small input perturbations on the design
objectives. As a result, much of the Pareto front predicted by the surrogate trained on the 10% tally uncertainty

data (Figure 15) collapses into two narrow regions of the objective space in the verification results (Figure 16).
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Table 7: Normalized hypervolume with respect to surrogate model training data tally uncertainty in the ion-to-neutron converter design
problem.

Training Data Uncertainty (%) 0.2 1.0 2.0 3.5 5.0
Normalized Hypervolume 0.4954 | 0.4892 | 0.4752 | 0.4861 | 0.4899
Relative Hypervolume Loss 0% 1.246% | 4.772% | 1.873% | 1.094%

This collapse is primarily caused by outliers introduced during the noisy data generation process. Due to the
stochastic nature of tally estimations in Monte Carlo simulations, high uncertainty can produce data points that
deviate significantly from the underlying physical trends. When these outliers are used to train surrogate models,
the resulting networks learn to overfit or bias their predictions toward these region. In practice, however, small
input variations often do not lead to substantial changes in the design objectives, and the exaggerated predictions
seen in the surrogate are largely driven by fluctuations in the MCNP tallies. This leads to a distorted optimization
process, where many genuinely optimal solutions are excluded prematurely, causing the Pareto front to shrink as
tally uncertainty increases. To mitigate this effect, pre-filtering of the outliers or denoising the training data presents
a viable strategy for improving the reliability of surrogate-based optimization, especially when using low-fidelity
simulation data.

Lastly, the authors wish to disclose that the analysis in this section was repeated 100 times, beginning with
training a new neural network model and continuing through to Pareto front recovery. This was done to assess
whether surrogate model training would influence the conclusions. The results from NSGA-III and the hypervolume
loss were consistently stable across the 100 runs, indicating that the initial weights and training of the surrogate

model did not significantly affect the outcomes.

5. Concluding Remarks

In this study, we investigated the application of feedforward neural network (FNN) surrogate models to complex
multi-objective design problems, specifically focusing on neutron physics problems simulated using Monte Carlo
tradition transport simulations. The two case studies included neutron moderator design and ion-to-neutron
converter design. By leveraging MCNP simulation data at various tally uncertainty levels, we analyzed the impact
of surrogate model fidelity (derived from both low-fidelity and high-fidelity simulation results) on multi-objective
optimization performance.

Our methodology began with the generation of comprehensive datasets, comprising 3,750 and 8,800 data points
for the moderator and converter problems, respectively. These datasets, characterized by varying levels of MCNP
tally uncertainty, served as the foundation for training ten distinct surrogate models. Rigorous hyperparameter
tuning and performance evaluation using metrics such as MSE and R? ensured that the surrogate models could
replicate simulation outputs accurately, despite the inherent noise in the training data. The trained models were
integrated into an NSGA-III multi-objective optimization framework, enabling effective exploration of the design
space and identification of Pareto-optimal solutions. With a population size of 100, the optimization converged
rapidly (typically within 25 generations) producing a predicted Pareto front for each surrogate model that reflected
the trade-offs achievable with its respective fidelity level.
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The variance in predicted Pareto fronts was found to be strongly problem-dependent. In the ion-to-neutron
converter design problem, low-fidelity simulation data produced optimization results comparable to those achieved
using high-fidelity data, suggesting that the impact of training data uncertainty can be decreased by surrogate
models. In contrast, the neutron moderator design problem exhibited high sensitivity to data fidelity. In this case,
training on low-fidelity data led to exaggerated objective responses in surrogate-models and misleading predictions,
many of which could not be verified by accurate simulations or realized in practical designs. These false optima
overshadowed the true Pareto front and diminished optimization effectiveness, as evidenced by the decline in
normalized hypervolume values. Thus, identifying a problem’s sensitivity to surrogate fidelity is crucial for balancing
model accuracy and computational cost in multi-objective optimization.

These observations underscore the critical (but problem-specific) influence of data fidelity on surrogate model
performance when conducting design optimization with Monte Carlo simulations. While high-fidelity data generally
improves surrogate reliability by reducing noise and limiting sensitivity to small input perturbations, our results
demonstrate that this is not always necessary. In some problems, surrogate models that use low-fidelity data
can still yield valid and efficient optimizations. Conversely, sensitive problems demand greater fidelity to prevent
distortion of the surrogate’s predictive behavior. To determine the appropriate fidelity level, preliminary simulations
at varying uncertainty levels can be performed and their effects on surrogate behavior and optimization outcomes
can be assessed. These findings highlight the potential of multi-fidelity simulation strategies that strike a
balance between accuracy and computational efficiency. By aligning fidelity with problem-specific sensitivity, it is
possible to achieve reliable optimization results at reduced computational cost.

Overall, the integration of FNN surrogate models with evolutionary optimization techniques offers a promising
approach for addressing complex engineering design challenges. Future work should focus on leveraging multi-
fidelity data to identify appropriate fidelity requirements, filtering misleading low-fidelity data, and refining sur-
rogate model architectures to enable their compatibility with low-fidelity data. These efforts will further enhance
predictive accuracy and the resolution of Pareto fronts when working with high-uncertainty, low-fidelity datasets.
The insights gained from this study provide a foundation for developing more robust and cost-effective optimization

frameworks for advanced engineering applications.

Data Availability

Currently, the authors possess, in a private GitHub repository, all the data and codes needed to reproduce all
the results in this work. To ensure confidentiality of this research, the authors will make this repository public
during an advanced stage of the review process, and it will be listed under our research group’s public Github page:

https://github.com/aims—umich.

Acknowledgment

This work is sponsored by the Department of Energy Office of Nuclear Energy’s Distinguished Early Career
Program (Award number: DE-NE0009424), which is administered by the Nuclear Energy University Program.

27


https://github.com/aims-umich

In addition, this work was supported by the U.S. Department of Energy (DOE) through the Los Alamos Na-
tional Laboratory (LANL). LANL is operated by Triad National Security, LLC, for the National Nuclear Security
Administration of the U.S. DOE (Contract No. 89233218 CNA000001).

CRediT Author Statement

e Omer Faruk Erdem: Methodology, Software, Validation, Formal analysis, Visualization, Data Curation,

Investigation, Writing - Original Draft.

e Josef Svoboda: Conceptualization, Methodology, Data Curation, Funding acquisition, Supervision, Re-

sources, Project administration, Writing - Review and Edit.

e David Paul Broughton: Conceptualization, Methodology, Data Curation, Funding Acquisition, Supervi-

sion, Resources, Project administration, Writing - Review and Edit.
e Chengkun Huang: Methodology, Data Curation, Writing - Review and Edit.

e Majdi I. Radaideh: Conceptualization, Methodology, Funding acquisition, Supervision, Resources, Project

administration, Writing - Review and Edit.

References

[1] M. K. Miller, J. A. Smith, Optimization of neutron generator designs using mecnp, Nuclear Technology 171 (2)
(2010) 123-134. doi:10.1016/j.nuctech.2009.11.005.

[2] M. Casey, T. Wintergerste, Best Practice Guidelines for CFD in Nuclear Reactor Safety Applications,
OECD/NEA, 2000.

[3] M. I. Radaideh, L. Lin, H. Jiang, S. Cousineau, Bayesian inverse uncertainty quantification of the physical
model parameters for the spallation neutron source first target station, Results in Physics 36 (2022) 105414.

[4] Q. Wang, Towards high-fidelity aerospace design in the age of extreme scale supercomputing, in: 22nd ATAA
Computational Fluid Dynamics Conference, 2015, p. 3051.

[5] J. Wang, Y. Papelis, Y. Shen, O. Unal, M. Cetin, High-fidelity roadway modeling and simulation, in: Selected
Papers Presented at MODSIM World 2009 Conference and Expo, 2010.

[6] P. Singh, S. S. Panda, J. C. Dash, B. Riscob, S. K. Pathak, R. S. Hegde, Rapid multi-objective inverse design

of antenna via deep neural network surrogate-driven evolutionary optimization, Authorea Preprints.

[7] M. I. Radaideh, D. Price, T. Kozlowski, Criticality and uncertainty assessment of assembly misloading in bwr

transportation cask, Annals of Nuclear Energy 113 (2018) 1-14.

28


http://dx.doi.org/10.1016/j.nuctech.2009.11.005

[8] J. A. Kulesza, T. R. Adams, J. C. Armstrong, S. R. Bolding, F. B. Brown, J. S. Bull, T. P. Burke, A. R.
Clark, R. A. Forster, II1, J. F. Giron, T. S. Grieve, C. J. Josey, R. L. Martz, G. W. McKinney, E. J. Pearson,
M. E. Rising, C. J. Solomon, Jr., S. Swaminarayan, T. J. Trahan, S. C. Wilson, A. J. Zukaitis, MCNP® (Code
Version 6.3.0 Theory & User Manual, Tech. Rep. LA-UR-22-30006, Rev. 1, Los Alamos National Laboratory,
Los Alamos, NM, USA (September 2022). doi:10.2172/1889957.

URL https://www.osti.gov/biblio/1889957

[9] S. Agostinelli, J. Allison, K. Amako, et al., Geantd—a simulation toolkit, Nuclear Instruments and Methods in
Physics Research Section A: Accelerators, Spectrometers, Detectors and Associated Equipment 506 (3) (2003)
250-303. doi:https://doi.org/10.1016/S50168-9002(03)01368-8.

URL https://www.sciencedirect.com/science/article/pii/S0168900203013688

[10] T. Bohlen, F. Cerutti, M. Chin, A. Fasso, A. Ferrari, P. G. Ortega, A. Mairani, P. R. Sala, G. Smirnov,
V. Vlachoudis, The fluka code: developments and challenges for high energy and medical applications, Nuclear
data sheets 120 (2014) 211-214.

[11] T. Sato, Y. Iwamoto, S. Hashimoto, T. Ogawa, T. Furuta, S.-i. Abe, T. Kai, P.-E. Tsai, N. Matsuda, H. Iwase,
et al., Features of particle and heavy ion transport code system (phits) version 3.02, Journal of Nuclear Science

and Technology 55 (6) (2018) 684-690.

[12] J. Leppéanen, M. Pusa, T. Viitanen, V. Valtavirta, T. Kaltiaisenaho, The serpent monte carlo code: Status,
development and applications in 2013, Annals of Nuclear Energy 82 (2015) 142-150.

[13] M. K. Sharma, A. B. Alajo, X. Liu, Mcnp modeling of a neutron generator and its shielding at missouri univer-
sity of science and technology, Nuclear Instruments and Methods in Physics Research Section A: Accelerators,

Spectrometers, Detectors and Associated Equipment 767 (2014) 126-134.

[14] H. O. Tekin, T. Manici, Simulations of mass attenuation coefficients for shielding materials using the menp-x

code, Nuclear Science and Techniques 28 (2017) 1-4.

[15] D. Price, M. I. Radaideh, B. Kochunas, Multiobjective optimization of nuclear microreactor reactivity control

system operation with swarm and evolutionary algorithms, Nuclear Engineering and Design 393 (2022) 111776.

[16] L. Zavorka, M. Mocko, P. Koehler, Physics design of the next-generation spallation neutron target-moderator-
reflector-shield assembly at LANSCE, Nuclear Instruments and Methods in Physics Research Section A: Accel-
erators, Spectrometers, Detectors and Associated Equipment 901 (2018) 189-197.

[17] D. P. Broughton, J. Svoboda, S. A. Kuvin, H. Y. Lee, M. Mocko, B. DiGiovine, S. M. Mosby, Commissioning
a time-gated camera for fast neutron beamline spatial-energy characterization at lansce-wnr spallation source,
Nuclear Instruments and Methods in Physics Research Section A: Accelerators, Spectrometers, Detectors and

Associated Equipment 1071 (2025) 170088.

[18] M. Kromar, B. Kurin¢i¢, Comparison of the scale, serpent and mcnp criticality safety calculation of the npp

krsko spent fuel pool, Journal of Energy: Energija 62 (1-4) (2013) 0-0.

29


https://www.osti.gov/biblio/1889957
https://www.osti.gov/biblio/1889957
http://dx.doi.org/10.2172/1889957
https://www.osti.gov/biblio/1889957
https://www.sciencedirect.com/science/article/pii/S0168900203013688
http://dx.doi.org/https://doi.org/10.1016/S0168-9002(03)01368-8
https://www.sciencedirect.com/science/article/pii/S0168900203013688

[19] D. Price, M. I. Radaideh, D. O’Grady, T. Kozlowski, Advanced bwr criticality safety part ii: Cask criticality,
burnup credit, sensitivity, and uncertainty analyses, Progress in Nuclear Energy 115 (2019) 126-139.

[20] W. C. Babcock, D. M. Jenkins, Design and optimization of neutron moderator-reflector systems using monte

carlo methods, Annals of Nuclear Energy 35 (4) (2008) 456-464. doi:10.1016/7.anucene.2007.11.005.

[21] J. R. Wilson, S. Y. Lee, Application of geant4 for accelerator-based fuel cycle analysis, Nuclear Instruments

and Methods in Physics Research Section A 652 (1) (2011) 45-53. do1:10.1016/75.nima.2010.10.015.

[22] A. Martinez, R. Lopez, S. Patel, Monte carlo simulation applications in nuclear non-proliferation analysis,

Progress in Nuclear Energy 55 (3) (2012) 341-348. doi:10.1016/j.pnucene.2012.05.002.
[23] K. Smith, High-performance computing for reactor physics, Annals of Nuclear Energy 128 (2019) 98-112.

[24] N. Miska, D. Balzani, Reliability-based design optimization incorporating extended optimal uncertainty quan-
tification, Probabilistic Engineering Mechanics 80 (2025) 103755.

[25] X. Jia, W. Hou, C. Papadimitriou, Hierarchical bayesian modeling for uncertainty quantification and reliability

updating using data, Journal of Reliability Science and Engineering 1 (2) (2025) 025002.

[26] L.-W. Zhang, Y.-G. Zhao, Linear moments-based monte carlo simulation for reliability analysis with unknown

probability distributions, ASCE-ASME J Risk and Uncert in Engrg Sys Part B Mech Engrg 10 (2).

[27] D. Thaler, S. L. Dhulipala, F. Bamer, B. Markert, M. D. Shields, Reliability analysis of complex systems using
subset simulations with hamiltonian neural networks, Structural Safety 109 (2024) 102475.

[28] H. M. H. Farh, A. A. Al-Shamma’a, F. Alaql, H. O. Omotoso, W. Alfraidi, M. A. Mohamed, Optimization and
uncertainty analysis of hybrid energy systems using monte carlo simulation integrated with genetic algorithm,

Computers and Electrical Engineering 120 (2024) 109833.

[29] Y. Jung, H. Jo, J. Choo, I. Lee, Statistical model calibration and design optimization under aleatory and
epistemic uncertainty, Reliability Engineering & System Safety 222 (2022) 108428.

[30] X. Cui, B. Li, S. Wang, S. Zhang, X. Yang, Y. Ren, Y. Xiao, Timeliness-oriented rush repair optimization
of workforce scheduling and routing for logically complex systems under uncertainty, Reliability Engineering &

System Safety 253 (2025) 110574.

[31] S. Nannapaneni, S. Mahadevan, Probability-space surrogate modeling for fast multidisciplinary optimization

under uncertainty, Reliability Engineering & System Safety 198 (2020) 106896.

[32] X. Zhao, L. Wang, Y. Liu, Uncertainty-oriented dynamic topology optimization for cross-scale concurrent de-

sign considering improved size-controlling strategy, Reliability Engineering & System Safety 257 (2025) 110819.

[33] X. Xiao, M. Song, X. Liu, A reliable and adaptive prediction framework for nuclear power plant system through
an improved transformer model and bayesian uncertainty analysis, Reliability Engineering & System Safety 261

(2025) 111076.

30


http://dx.doi.org/10.1016/j.anucene.2007.11.005
http://dx.doi.org/10.1016/j.nima.2010.10.015
http://dx.doi.org/10.1016/j.pnucene.2012.05.002

[34] W. Zeng, X. Li, C. Guo, Z. Li, Development and uncertainty analysis of the dynamic simulation for hfetr with
bmus framework, Reliability Engineering & System Safety 256 (2025) 110715.

[35] M. I. Radaideh, K. Borowiec, T. Kozlowski, Integrated framework for model assessment and advanced un-
certainty quantification of nuclear computer codes under bayesian statistics, Reliability Engineering & System

Safety 189 (2019) 357-377.

[36] C. Chen, Z. Li, X. Li, L. Wang, W. Zeng, A dynamic performance assessment of coordinated control sys-
tem of small pressurized water reactor based on uncertainty quantification and sensitivity analysis, Reliability

Engineering & System Safety 256 (2025) 110794.

[37] S. Nakayama, O. Iwamoto, Y. Watanabe, K. Ogata, JENDL/DEU-2020: deuteron nuclear data library for
design studies of accelerator-based neutron sources, Journal of Nuclear Science and Technology 58 (7) (2021)

805-821, open Access.

[38] S. Kunieda, et al., Overview of JENDL-4.0/HE and benchmark calculation, in: JAEA-Conf 2016-004, 2016,
pp. 41-46.

[39] B. M. Adams, W. J. Bohnhoff, K. R. Dalbey, M. S. Ebeida, J. P. Eddy, M. S. Eldred, R. W. Hooper, P. D.
Hough, K. T. Hu, J. D. Jakeman, et al., Dakota, a multilevel parallel object-oriented framework for design
optimization, parameter estimation, uncertainty quantification, and sensitivity analysis: version 6.13 user’s

manual, Tech. rep., Sandia National Lab.(SNL-NM), Albuquerque, NM (United States) (2020).

[40] L. Zavorka, K. Ghoos, J. Risner, I. Remec, An unstructured mesh based neutronics optimization workflow,
Nuclear Instruments and Methods in Physics Research Section A: Accelerators, Spectrometers, Detectors and
Associated Equipment 1052 (2023) 168252. doi:https://doi.org/10.1016/7j.nima.2023.168252.

URL https://www.sciencedirect.com/science/article/pii/S0168900223002425

[41] K. Ghoos, L. Zavorka, J. Risner, I. Remec, Optimization of the second target station cold source moderators
using an automated workflow, Nuclear Instruments and Methods in Physics Research Section A: Accelera-
tors, Spectrometers, Detectors and Associated Equipment 1060 (2024) 169035. doi:https://doi.org/10.
1016/j.nima.2023.169035.

URL https://www.sciencedirect.com/science/article/pii/S0168900223010355

[42] Y. L. Maitre, L. Serio, et al., Surrogate modeling in nuclear reactor physics, Annals of Nuclear Energy 153.

[43] Z. Lu, E. Vaucheret, Y. Guo, et al., Surrogate modeling for nuclear engineering: Recent advances and appli-

cations, Progress in Nuclear Energy 136.

[44] S. Dutta, A. H. Gandomi, Surrogate model-driven evolutionary algorithms: Theory and applications, Evolution

in Action: Past, Present and Future: A Festschrift in Honor of Erik D. Goodman (2020) 435-451.

[45] P.S. Palar, R. P. Liem, K. Shimoyama, L. R. Zuhal, On the use of surrogate models in engineering design opti-
mization and exploration: The key issues, in: Proceedings of the Genetic and Evolutionary Computation Con-

ference Companion (GECCO), 2019, pp. 11-20, accessed: 2025-02-19. doi1:10.1145/3319619.3326813.

31


https://www.sciencedirect.com/science/article/pii/S0168900223002425
http://dx.doi.org/https://doi.org/10.1016/j.nima.2023.168252
https://www.sciencedirect.com/science/article/pii/S0168900223002425
https://www.sciencedirect.com/science/article/pii/S0168900223010355
https://www.sciencedirect.com/science/article/pii/S0168900223010355
http://dx.doi.org/https://doi.org/10.1016/j.nima.2023.169035
http://dx.doi.org/https://doi.org/10.1016/j.nima.2023.169035
https://www.sciencedirect.com/science/article/pii/S0168900223010355
http://dx.doi.org/10.1145/3319619.3326813

[46] M. I. Radaideh, T. Kozlowski, Combining simulations and data with deep learning and uncertainty quantifi-
cation for advanced energy modeling, International Journal of Energy Research 43 (14) (2019) 7866—7890.

[47] R. A. Saleem, M. I. Radaideh, T. Kozlowski, Application of deep neural networks for high-dimensional large
bwr core neutronics, Nuclear Engineering and Technology 52 (12) (2020) 2709-2716.

[48] M. I. Radaideh, T. Kozlowski, Analyzing nuclear reactor simulation data and uncertainty with the group

method of data handling, Nuclear Engineering and Technology 52 (2) (2020) 287-295.

[49] M. I. Radaideh, T. Kozlowski, Surrogate modeling of advanced computer simulations using deep gaussian

processes, Reliability Engineering & System Safety 195 (2020) 106731.

[50] J. Smith, E. Johnson, L. Chen, Accelerating monte carlo neutron transport simulations using deep neural
network surrogates, Nuclear Science and Engineering 193 (2) (2019) 123-134. doi:10.1016/7.nucengdes.
2019.02.005.

[51] J. Doe, R. Roe, Hybrid monte carlo and gaussian process surrogate modeling for reactor physics analysis,

Annals of Nuclear Energy 134 (2020) 1-10. doi:10.1016/7.anucene.2019.08.002.

[52] S. Lee, A. Kumar, R. Patel, A review of ai surrogate models in radiation transport simulations, Progress in

Nuclear Energy 124 (2021) 103-117. doi:10.1016/j.pnucene.2020.10.005.

[53] J. Peherstorfer, D. Willcox, K. Gunther, Multifidelity methods: Efficient algorithms, theory, and applications,
STAM Review 60 (3) (2018) 550-591.

[54] K. Bect, J. Vazquez, et al., Adaptive sampling for global metamodeling, Journal of Computational Physics
256 (2014) 1-18.

[65] M. Frazier, A tutorial on bayesian optimization, arXiv preprint arXiv:1807.02811.

[56] R. Grottke, J. C. Ragusa, et al., Accelerating monte carlo reactor physics simulations using gpus, Nuclear

Science and Engineering 194 (1) (2020) 1-16.

[57] W. Chen, The application of different surrogate models in engineering predictions, Applied and Computational
Engineering 80 (1) (2024) 87-93, accessed: 2025-02-19. doi:10.54254/2755-2721/80/2024CH0075.

[58] A. Figueroa, M. Goettsche, Gaussian processes for surrogate modeling of discharged fuel nuclide compositions,
arXiv preprint arXiv:2006.12921Accessed: 2025-02-19.
URL https://arxiv.org/abs/2006.12921

[59] E. S. Gardner, Jr., Artificial neural networks: The state of the art, International Journal of Forecasting 14 (1)
(1998) 35-62. doi:10.1016/S0169-2070(97)00044-17.

[60] L. Gu, G. Wang, Y. Zhou, Reliability analysis and optimization of multi-state tree-structured systems with
performance sharing mechanism, Reliability Engineering & System Safety 260 (2025) 110990.

32


http://dx.doi.org/10.1016/j.nucengdes.2019.02.005
http://dx.doi.org/10.1016/j.nucengdes.2019.02.005
http://dx.doi.org/10.1016/j.anucene.2019.08.002
http://dx.doi.org/10.1016/j.pnucene.2020.10.005
http://dx.doi.org/10.54254/2755-2721/80/2024CH0075
https://arxiv.org/abs/2006.12921
https://arxiv.org/abs/2006.12921
http://dx.doi.org/10.1016/S0169-2070(97)00044-7

[61] F. Jiang, S. Dong, Development of a cnn-based integrated surrogate model in evaluating the damage of buried
pipeline under impact loads, considering the soil spatial variability, Reliability Engineering & System Safety
257 (2025) 110801.

[62] M. Keramatinejad, M. Karbasian, H. Alimohammadi, K. Atashgar, A hybrid approach of adaptive surro-
gate model and sampling method for reliability assessment in multidisciplinary design optimization, Reliability

Engineering & System Safety 261 (2025) 111014.

[63] Y. Zhu, N. Zabaras, P.-S. Koutsourelakis, P. Perdikaris, Physics-constrained deep learning for high-dimensional
surrogate modeling and uncertainty quantification without labeled data, Journal of Computational Physics 394

(2019) 56-81. doi:10.1016/7.3cp.2019.05.024.

[64] M. Li, Z. Wang, Surrogate model uncertainty quantification for reliability-based design optimization, Reliability
Engineering & System Safety 192 (2019) 106-116. doi:10.1016/j.ress.2019.03.039.

[65] F. Dietrich, F. Kiinzner, T. Neckel, G. Koster, H.-J. Bungartz, Fast and flexible uncertainty quantification
through a data-driven surrogate model, International Journal for Uncertainty Quantification 8 (2) (2018) 175-
192. doi:10.1615/Int.J.UncertaintyQuantification.2018021975.

[66] N. V. Sahinidis, Optimization under uncertainty: state-of-the-art and opportunities, Computers & chemical

engineering 28 (6-7) (2004) 971-983.

[67] M.I. Radaideh, M. I. Radaideh, T. Kozlowski, Design optimization under uncertainty of hybrid fuel cell energy
systems for power generation and cooling purposes, International Journal of Hydrogen Energy 45 (3) (2020)

2224-2243.

[68] L. Jaeger, C. Gogu, S. Segonds, C. Bes, Aircraft multidisciplinary design optimization under both model and
design variables uncertainty, Journal of Aircraft 50 (2) (2013) 528-538.

[69] M. I. Radaideh, H. Tran, L. Lin, H. Jiang, D. Winder, S. Gorti, G. Zhang, J. Mach, S. Cousineau, Model
calibration of the liquid mercury spallation target using evolutionary neural networks and sparse polynomial
expansions, Nuclear Instruments and Methods in Physics Research Section B: Beam Interactions with Materials

and Atoms 525 (2022) 41-54.

[70] O. Erdem, K. Daley, G. Hoelzle, M. I. Radaideh, Multi-objective combinatorial methodology for nuclear reactor
site assessment: A case study for the united states, Energy Conversion and Management: X 26 (2025) 100923.

[71] D. Peri, F. Tinti, A multistart gradient-based algorithm with surrogate model for global optimization, Com-

munications in Applied and Industrial Mathematics 3 (1).

[72] L. Jiaqi, C. Zeshuai, et al., A gradient-based method assisted by surrogate model for robust optimization of
turbomachinery blades, Chinese Journal of Aeronautics 35 (10) (2022) 1-7.

33


http://dx.doi.org/10.1016/j.jcp.2019.05.024
http://dx.doi.org/10.1016/j.ress.2019.03.039
http://dx.doi.org/10.1615/Int.J.UncertaintyQuantification.2018021975

[73] H. Fathnejat, B. Ahmadi-Nedushan, An efficient two-stage approach for structural damage detection using
meta-heuristic algorithms and group method of data handling surrogate model, Frontiers of Structural and

Civil Engineering 14 (2020) 907-929.

[74] A. Slivkins, et al., Introduction to multi-armed bandits, Foundations and Trends@® in Machine Learning

12 (1-2) (2019) 1-286

[75] M. I. Radaideh, I. Wolverton, J. Joseph, J. J. Tusar, U. Otgonbaatar, N. Roy, B. Forget, K. Shirvan, Physics-
informed reinforcement learning optimization of nuclear assembly design, Nuclear Engineering and Design 372

(2021) 110966.

[76] M. I. Radaideh, K. Shirvan, Rule-based reinforcement learning methodology to inform evolutionary algorithms

for constrained optimization of engineering applications, Knowledge-Based Systems 217 (2021) 106836.
[77] N. Lynn, P. N. Suganthan, Ensemble particle swarm optimizer, Applied Soft Computing 55 (2017) 533-548.

[78] D. Price, M. I. Radaideh, Animorphic ensemble optimization: a large-scale island model, Neural Computing

and Applications 35 (4) (2023) 3221-3243.

[79] M. I. Radaideh, K. Shirvan, Pesa: Prioritized experience replay for parallel hybrid evolutionary and swarm

algorithms-application to nuclear fuel, Nuclear Engineering and Technology 54 (10) (2022) 3864-3877.

[80] M. I. Radaideh, B. Forget, K. Shirvan, Large-scale design optimisation of boiling water reactor bundles with
neuroevolution, Annals of Nuclear Energy 160 (2021) 108355.

[81] X. Gu, M. I. Radaideh, J. Liang, Openneomc: A framework for design optimization in particle transport
simulations based on openmc and neorl, Annals of Nuclear Energy 180 (2023) 109450.

[82] 1. S. Anderson, et al., The spallation neutron source: A powerful new tool for materials research, Physica B:

Condensed Matter 276-278 (2001) 123-128. doi:10.1016/50921-4526(01)00373-3.

[83] C.D. Bowman, et al., Nuclear energy generation and waste transmutation using an accelerator-driven thorium
reactor, Nuclear Instruments and Methods in Physics Research Section A 320 (1992) 336-367. doi:10.1016/
0168-9002(92) 90202-R.

[84] K. T. McDonald, et al., Active neutron interrogation for the detection of special nuclear materials, Nuclear
Instruments and Methods in Physics Research Section A 583 (2007) 443-447. doi:10.1016/75.nima.2007.
04.037.

[85] J. Van Dam, et al., An intense pulsed neutron source using a proton accelerator, Physical Review Letters 62

(1989) 2325-2328. doi:10.1103/PhysRevLett.62.2325.

[86] C.-K. Huang, D. P. Broughton, S. Palaniyappan, A. Junghans, M. Iliev, S. H. Batha, R. E. Reinovsky,
A. Favalli, High-yield and high-angular-flux neutron generation from deuterons accelerated by laser-driven

collisionless shock, Applied Physics Lettersdoi:10.1063/5.0075960.

34


http://dx.doi.org/10.1016/S0921-4526(01)00373-3
http://dx.doi.org/10.1016/0168-9002(92)90202-R
http://dx.doi.org/10.1016/0168-9002(92)90202-R
http://dx.doi.org/10.1016/j.nima.2007.04.037
http://dx.doi.org/10.1016/j.nima.2007.04.037
http://dx.doi.org/10.1103/PhysRevLett.62.2325
http://dx.doi.org/10.1063/5.0075960

[87) V. Horny, S. N. Chen, X. Davoine, V. Lelasseux, L. Gremillet, J. Fuchs, High-flux neutron genera-
tion by laser-accelerated ions from single- and double-layer targets, Scientific Reports 12. doi:10.1038/
s41598-022-24155-2z.

URL https://www.nature.com/articles/s41598-022-24155-z

[88] J. Bohnen, J. Kelly, T. Kessler, other authors, The omega ep laser facility: functional description, Fusion
Science and Technology 54 (3) (2008) 655-660.

[89] C.-S. Wong, M. Alvarado Alvarez, S. H. Batha, D. P. Broughton, C. Huang, H. J. Jorgenson, R. E. Reinovsky,
T. R. Schmidt Jr., Z. Wang, C. H. Wilde, B. T. Wolfe, B. L. Wyatt, Multi-probe 23a: Post shot data and
analysis, Tech. rep., Los Alamos National Laboratory, https://www.osti.gov/biblio/1973784 (Dec.
2022). doi:10.2172/1973784.

[90] D. P. Higginson, P. K. Patel, M. Sherlock, H. S. McLean, F. N. Beg, L. V. Woerkom, S. Chawla, M. G. Petrov,
M. S. Wei, Enhancement of x-ray and proton production from high-intensity laser interactions with front surface
structures, Physics of Plasmas 21 (10) (2014) 100701. doi:10.1063/1.4893780.

URL https://doi.org/10.1063/1.4893780

[91] C.-K. Huang, M. A. Alvarez, S. Batha, D. Broughton, A. Favalli, E. Grace, M. Iliev, A. Junghans, D. Mariscal,
B. Medina, S. Palaniyappan, R. Reinovsky, T. Schmidt, R. Simpson, J. Strehlow, Z. Wang, C.-S. Wong, B. Wolfe,
B. Wyatt, Characterization of laser-accelerated proton beams from a 0.5 kj sub-picosecond laser for radiography

applications, Physics of Plasmas 32 (2018) 033107. doi:10.1063/5.0251284.

[92] S. Karsch, L. Veisz, J. Osterhoff, A. Popp, Z. Major, B. Marx, T. P. Rowlands-Rees, M. Fuchs, M. Geissler,
R. Horlein, K. Schmid, F. Griiner, F. Krausz, S. M. Hooker, Gev-scale electron acceleration in a gas-filled
capillary discharge waveguide, Nuclear Instruments and Methods in Physics Research Section A: Accelerators,
Spectrometers, Detectors and Associated Equipment 623 (1) (2010) 463-467. doi:10.1016/3j.nima.2010.
02.080.

URL https://www.sciencedirect.com/science/article/pii/S0168583X10001862

[93] K. Deb, H. Jain, A reference point-based multi-objective optimization using evolutionary algorithms, in:
International Conference on Parallel Problem Solving from Nature, Vol. 8672 of Lecture Notes in Computer

Science, Springer, 2014, pp. 341-357. doi1:10.1007/978-3-319-10762-2_25.

[94] Hoonify Technologies Inc., Turbos: Operating system overview, http://www.hoonify.com/turbos, [On-
line]. Available: http://www.hoonify.com/turbos (2025).

[95] M. I. Radaideh, K. Du, P. Seurin, D. Seyler, X. Gu, H. Wang, K. Shirvan, NEORL: Neuroevolution optimiza-
tion with reinforcement learning—applications to carbon-free energy systems, Nuclear Engineering and Design

412 (2023) 112423. doi:10.1016/7.nucengdes.2023.112423.

35


https://www.nature.com/articles/s41598-022-24155-z
https://www.nature.com/articles/s41598-022-24155-z
http://dx.doi.org/10.1038/s41598-022-24155-z
http://dx.doi.org/10.1038/s41598-022-24155-z
https://www.nature.com/articles/s41598-022-24155-z
https://www.osti.gov/biblio/1973784
http://dx.doi.org/10.2172/1973784
https://doi.org/10.1063/1.4893780
https://doi.org/10.1063/1.4893780
http://dx.doi.org/10.1063/1.4893780
https://doi.org/10.1063/1.4893780
http://dx.doi.org/10.1063/5.0251284
https://www.sciencedirect.com/science/article/pii/S0168583X10001862
https://www.sciencedirect.com/science/article/pii/S0168583X10001862
http://dx.doi.org/10.1016/j.nima.2010.02.080
http://dx.doi.org/10.1016/j.nima.2010.02.080
https://www.sciencedirect.com/science/article/pii/S0168583X10001862
http://dx.doi.org/10.1007/978-3-319-10762-2_25
http://www.hoonify.com/turbos
http://dx.doi.org/10.1016/j.nucengdes.2023.112423

	Introduction
	Technical Challenges in Nuclear Design Optimization
	Novelty

	Problem Definitions
	Neutron Moderator Problem
	Ion-to-neutron Converter Problem

	Optimization Methodology
	Dataset Input and Output Parameters
	The Moderator Design Problem Parameters
	The Ion-to-neutron Converter Design Problem Parameters

	FNN Surrogate Model Training
	NSGA-III Optimization of Surrogate Models
	Computing Resources

	Results and Discussions
	Dataset Generation
	Surrogate Model Creation
	Surrogate-driven Multi-objective Optimization
	Optimization Result Verification

	Concluding Remarks

