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Abstract
Neural networks can learn the relationships between input and output variables
from large datasets, exhibit powerful fitting capabilities, and are commonly uti-
lized as surrogate models for computational codes in various fields, including
nuclear engineering calculations. Neutron transport calculation, as a core com-
ponent of neutronics simulation, suffers from prohibitive computational time,
which can be addressed through the adoption of neural network models. How-
ever, neural network models involve numerous hyperparameters that require
configuration, and manual tuning of these hyperparameters is labor-intensive,
repetitive, and relies exclusively on empirical expertise; moreover, these hyper-
parameters are not transferable when solving different problems. To overcome
these limitations, this paper proposes a methodology that employs Bayesian
Optimization algorithms to tune neural network hyperparameters, integrating
learning rate decay and loss function optimization techniques. This approach
can automatically search for optimal hyperparameter combinations tailored to
datasets from different problems to achieve superior performance, demonstrat-
ing high flexibility, efficiency, and strong generalization capability. This study
fits key core parameters obtained from the TAKEDA benchmark problem, with
results indicating that the average error of the effective multiplication factor keff
is within 150 pcm, while the average and maximum error rates of the regional
integrated flux Φ on the TAKEDA1 dataset are 1.72% and 7.56%, respectively.
This research can provide valuable reference for the application of artificial in-
telligence in core physics calculation theory.
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Abstract
[Background] Neural networks possess powerful fitting capabilities and can
learn relationships between input and output variables from large datasets, of-
ten serving as surrogate models for physical programs in engineering calcula-
tions, including nuclear engineering. Neutron transport calculations, as a core
component of neutronics simulations, suffer from lengthy computational times
—a challenge that can be addressed through neural network models. However,
neural network models require setting numerous hyperparameters, and manual
adjustment is laborious, repetitive, and relies solely on experience. Moreover,
these hyperparameters are not transferable across different problems.

[Purpose] This research seeks to develop a surrogate model for VITAS and
provide reference for artificial intelligence applications in core physics calculation
theory.

[Methods] This paper proposes using Bayesian Optimization algorithms to
adjust neural network hyperparameters, combined with learning rate decay and
loss function optimization methods.

[Results] By fitting key core parameters obtained from VITAS calculations of
the TAKEDA benchmark problem, results show that the average error of the
effective multiplication factor (k�ff) remains within 150 pcm, while the average
error rate of regional integral flux (f ) on the TAKEDA1 dataset is 1.72% with
a maximum error rate of 7.56%.

[Conclusions] This approach can automatically search for optimal hyperparam-
eter combinations for different datasets to achieve peak performance, demon-
strating high flexibility, efficiency, and strong generalization capability.

Keywords: Bayesian optimization for hyperparameter tuning, FCNN, Neutron
transport computation
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1. Introduction
Neutron transport problems in nuclear reactor physics calculations are primar-
ily solved using two classes of methods: Monte Carlo methods (MC) and de-
terministic methods. Common neutron transport methods include the Finite
Element Method (FEM), Method of Characteristics (MOC), and Variational
Nodal Method (VNM). These traditional neutron transport methods are charac-
terized by low computational efficiency and long processing times, making them
impractical for frequent core design optimization and refueling design tasks.

Machine learning and artificial intelligence offer advantages in processing com-
plex big data compared to traditional Monte Carlo and deterministic neutron
transport methods. In recent years, interdisciplinary applications between nu-
clear physics and machine learning have emerged with broad prospects. Song
et al. developed a core parameter prediction program based on BP (back prop-
agation) artificial neural networks with relative errors within 10%, sparking
subsequent research interest. Akkoyun used artificial neural networks to pre-
dict total fusion and fusion-evaporation reaction cross-sections, while Guo et
al. employed a hybrid artificial neural network to simulate the thermodynamic
behavior of the Sequoia nuclear power plant.

Among these approaches, the Fully Connected Neural Network (FCNN) repre-
sents a relatively simple artificial neural network architecture belonging to the
feedforward neural network family. FCNNs consist only of an input layer, hid-
den layers, and an output layer, with multiple neurons possible in each hidden
layer. This versatile learning approach can be applied to nearly all tasks, in-
cluding classification, regression, and unsupervised learning. Machine learning
has developed rapidly due to its ability to fit complex analytical calculation
processes while saving labor and computational costs.

VITAS is a general-purpose computational program for accurately solving
neutron transport problems based on VNM. It integrates multiple calculation
methods, utilizes matrix operations and numerical integration techniques, and
can handle multi-dimensional, multi-group, steady-state, and transient neutron
transport problems with various mesh types. To address the low efficiency and
long computational times of traditional transport methods, this paper develops
a surrogate model for core transport calculations based on neural network
methods to replace VITAS program functionality.

However, neural networks require setting a series of hyperparameters that
largely determine FCNN performance. Manual hyperparameter tuning de-
mands substantial effort, requires experience, and incurs high costs. With
the continuous development of machine learning, deep learning models in-
volve far more hyperparameters than traditional machine learning methods,
making manual tuning inadequate for both precision and time requirements.
In recent years, Bayesian optimization has been increasingly applied to
black-box function problems and has become the mainstream method for
hyperparameter optimization. Bayesian optimization, also known as Sequential
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Kriging Optimization (SKO), Sequential Model-based Optimization (SMBO),
or Efficient Global Optimization (EGO), is a global optimization approach
that uses surrogate models to fit expensive-to-evaluate objective functions. It
actively selects the most “promising”evaluation points based on the surrogate
model and utilizes complete historical information to improve search efficiency,
obtaining optimal solutions for complex functions with minimal evaluations.
Consequently, Bayesian optimization is also termed active optimization.

This paper employs Bayesian optimization methods, combined with learning
rate decay and loss function optimization, to optimize FCNN hyperparame-
ter selection. Using experimental data calculated by VITAS for the TAKEDA
benchmark problem as datasets, we evaluate the prediction accuracy of FCNN
with optimized hyperparameters and compare results with manually tuned net-
works. This aims to provide more efficient methods for solving core refueling
optimization problems and explore further applications of artificial intelligence
in the nuclear industry.

1.1 Bayesian Optimization Method

The Bayesian optimization framework consists of two key components: (1) us-
ing probabilistic models to surrogate complex objective functions with expensive
evaluation costs, and (2) constructing an active selection strategy (acquisition
function) based on posterior information from the surrogate model. In practical
applications, appropriate models must be selected for specific problems. This
section introduces the definition of hyperparameter optimization problems and
the steps of Bayesian optimization, concluding with the selected FCNN hyper-
parameters and their value ranges for this study.

The hyperparameter optimization problem is defined as:

argmin
𝑥∈𝑋

𝑓(𝑥)

where 𝑥 represents a set of hyperparameter values and 𝑋 is the hyperparameter
search space. 𝑓(𝑥) is the objective to be optimized in hyperparameter tuning.
In this study, the loss function is used as 𝑓(𝑥). Comparison and selection of loss
functions are discussed in Section 1.2 (2) on loss function optimization. The
goal of hyperparameter algorithms is to find the global optimum as quickly as
possible.

The steps for Bayesian optimization of hyperparameters are as follows:

1. Randomly initialize 𝑛0 groups of hyperparameters 𝑥init in the hyperpa-
rameter search space 𝑋;

2. Obtain their corresponding function values 𝑓(𝑥init) to form the initial point
set 𝐷0 = {(𝑥init, 𝑓(𝑥init))};

3. Construct a surrogate model 𝑔(𝑥) based on the currently obtained point
set distribution;
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4. Based on the surrogate model 𝑔(𝑥), maximize the acquisition function to
obtain the next evaluation point: 𝑥𝑡 = argmax𝑥∈𝑋 acquisition(𝑥);

5. Obtain the function value 𝑓(𝑥𝑡) of evaluation point 𝑥𝑡, add it to the current
evaluation point set: 𝐷𝑡 = 𝐷𝑡−1 ∪ {(𝑥𝑡, 𝑓(𝑥𝑡))};

6. If 𝑡 is less than the maximum iteration number 𝑁 , return to step (3);
7. After reaching the maximum iteration number, output the optimal evalu-

ation point {𝑥∗, 𝑓(𝑥∗)}.
This study implements the Bayesian optimization process by calling Tensor-
Flow’s Bayesian Optimization function. By inputting hyperparameters and
their value ranges to initiate the optimization function, the selected FCNN hy-
perparameters and their ranges are shown in .

** Table 1 The selected hyperparameters and their ranges**

Hyperparameters Ranges
Batch size [1, 1000]
Number of hidden layers [1, 5]
Threshold (min_{delta}) [1e-6, 1e-4]
Decay factor [0.1, 0.9]
Number of neurons in hidden layers [1, 2000]
Loss function parameter (loss_{delta}) [0.1, 10]

All hyperparameters listed in the table are critical parameters in FCNN, as
introduced below.

1.2 Fully Connected Neural Network

For the surrogate model selection in neutron transport solving, this work adopts
the Fully Connected Neural Network (FCNN). FCNN is a relatively simple arti-
ficial neural network architecture belonging to the feedforward neural network
family, consisting only of an input layer, hidden layers, and an output layer,
with multiple neurons possible in each hidden layer, as shown in [Figure 1: see
original paper].

The entire network is built using TensorFlow, an open-source framework for deep
learning platforms developed by Google in 2015. The following parameters are
involved in FCNN training:

Epoch: The process of feeding the entire training set into the neural network
model for one complete training cycle is called an epoch.

Batch Size: Due to computational limitations or other constraints, when data
cannot pass through the neural network all at once, the dataset must be divided
into multiple batches. A small portion of data samples from the training set is
used for one backpropagation parameter update.
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Learning Rate (lr) refers to the step size used to adjust fitting parameters
during neural network training, determining the adjustment magnitude for each
gradient update. Learning rate selection directly impacts model performance
and training effectiveness.

(1) Adaptive Learning Rate Adjustment

If the learning rate is set too large, the step size increases, leading to oscil-
lations that make it difficult to find high-precision solutions. [Figure 2: see
original paper] (left) shows loss function oscillations caused by an excessively
large learning rate, resulting in unstable convergence. If the learning rate is too
small, convergence speed slows down, potentially yielding only local optimal so-
lutions. Based on this, this paper proposes an adaptive learning rate adjustment
method that uses a larger learning rate for rapid approximation initially, then
gradually reduces the learning rate to accommodate model parameter update
patterns, eliminating late-stage loss function oscillations and stabilizing the loss
curve. [Figure 2: see original paper] (right) shows the loss function decline curve
after adaptive learning rate adjustment, which effectively eliminates oscillations.

This study uses the ReduceLROnPlateau function from TensorFlow, a learning
rate scheduler that automatically adjusts the learning rate based on monitored
metric changes. When performance metrics on the validation set stop improv-
ing, ReduceLROnPlateau gradually reduces the learning rate to facilitate better
model convergence. It includes the following parameters:

• lr: Initial learning rate value
• factor: The factor by which the learning rate is reduced each time, with

the learning rate decreasing as lr × factor
• patience: When patience epochs pass without model performance im-

provement, the learning rate reduction is triggered
• min_{delta}: Threshold; when the model performance improvement is

less than min_{delta}, it is considered no improvement

Both factor and min_{delta} parameters are selected as hyperparameters for
Bayesian optimization in this study.

(2) Loss Function Optimization

Mean Square Error (MSE) refers to the average of squared distances between
model predicted values 𝑓(𝑥) and sample true values 𝑦, as shown in Equation
(2):

MSE = 1
𝑚

𝑚
∑
𝑖=1

(𝑦𝑖 − 𝑓(𝑥𝑖))2

Mean Absolute Error (MAE) refers to the average of absolute distances between
model predicted values 𝑓(𝑥) and sample true values 𝑦, as shown in Equation
(3):
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MAE = 1
𝑚

𝑚
∑
𝑖=1

|𝑦𝑖 − 𝑓(𝑥𝑖)|

In Equations (2) and (3), 𝑦𝑖 and 𝑓(𝑥𝑖) represent the true and predicted values
of the 𝑖-th sample, respectively, and 𝑚 is the number of samples.

A major issue with using MAE as a loss function for neural network training
is that its gradient remains consistently large, potentially causing the model
to miss minima when using gradient descent. In contrast, MSE’s gradient
gradually decreases as the loss approaches its minimum, enabling more accurate
convergence. This problem can be addressed using Huber Loss. Huber Loss is
a loss function for regression problems that combines characteristics of both
MSE and MAE. It can reduce gradients near minima to address MAE’s issue
of missing minima while being more robust to outliers than MSE. This paper
uses Huber Loss as the loss function, as shown in Equation (4):

𝐿𝛿(𝑦, 𝑓(𝑥)) = {
1
2 (𝑦 − 𝑓(𝑥))2 if |𝑦 − 𝑓(𝑥)| ≤ 𝛿
𝛿|𝑦 − 𝑓(𝑥)| − 1

2 𝛿2 otherwise

Huber Loss synthesizes MSE and MAE, containing a hyperparameter 𝛿 that
determines its emphasis on MSE versus MAE. When 𝛿 → 0, Huber Loss ap-
proaches MAE; when 𝛿 → ∞, Huber Loss approaches MSE. In , 𝛿 corresponds
to loss_{delta}.

The settings of these parameters determine FCNN performance, so they are
selected as hyperparameters for Bayesian optimization, with their search spaces
provided in .

1.3 Dataset Acquisition

The datasets used in this paper are generated through VITAS calculations of the
TAKEDA1 and TAKEDA2 benchmark problems, comprising 10,000 and 20,000
data groups, respectively. Each data sample consists of a core arrangement pat-
tern and two core parameters (effective multiplication factor k�ff and regional
integral flux f ). Input dimensions are determined by the reactor core arrange-
ment, while output dimensions correspond to core parameters. TAKEDA1 is a
1/8 symmetric light water reactor model, and TAKEDA2 is a 1/4 fast breeder
reactor model.

TAKEDA1 contains three assembly types: Control Rod (CR), Reflector, and
Core. Its three-dimensional schematic and x-y cross-section core arrangement
are shown in [Figure 3: see original paper]. To ensure physical meaningfulness,
the outermost reflector layer in the 1/4 x-y cross-section is fixed in position
while other assemblies are shuffled, then mirrored to form a complete core, as
illustrated in [Figure 4: see original paper]. For FCNN computation convenience,
the three assembly types (CR, Reflector, Core) are mapped to -1, 0, and 1,
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respectively. This generates 10,000 different random arrangements, where each
input vector’s sequence of -1, 0, 1 corresponds one-to-one with the shuffled
assembly arrangement. The input dimension is 16. Two independent FCNNs
are used to predict two physical quantities: k�ff has an output dimension of 1,
while f has an output dimension of 6.

TAKEDA2 contains three assembly types: Control Rod (CR), Axial Blanket,
and Radial Blanket, as shown in [Figure 5: see original paper]. To ensure
physical meaningfulness, the outermost three layers of Radial Blanket in the
1/4 x-y cross-section are fixed while other assemblies are shuffled, then mirrored
to form a complete core, as shown in [Figure 6: see original paper]. For FCNN
computation convenience, the three assembly types (CR, Axial Blanket, Radial
Blanket) are mapped to -1, 0, and 1, respectively. This generates 20,000 different
random arrangements. Each input vector’s sequence of -1, 0, 1 corresponds one-
to-one with the shuffled assembly arrangement, with an input dimension of 121.
Two independent FCNNs predict two physical quantities: k�ff has an output
dimension of 1, while f has an output dimension of 20.

During FCNN training, raw data must be transformed into a standard dataset.
Assuming 𝑁 training samples, each training sample should be: 𝑇𝑘 = (𝑋𝑘, 𝑌𝑘),
where 𝑇𝑘 is the 𝑘-th training sample containing the 𝑘-th input variable 𝑋𝑘 and
output variable 𝑌𝑘. Here, 𝑋 = {𝑥1, 𝑥2, … , 𝑥𝑁}, 𝑌 = {𝑦1, 𝑦2, … , 𝑦𝑁}, where 𝑖
and 𝑗 represent the dimensions of input and output variables, respectively. For
TAKEDA1, 𝑘 = 10, 000, input vector 𝑋 is a sequence of -1, 0, 1 with each
input having dimension 𝑖 = 16. Two independent FCNNs predict two physical
quantities, with output variables 𝑌 being k�ff and f, where k�ff has dimension
𝑗 = 1 and f has dimension 𝑗 = 6. For TAKEDA2, 𝑘 = 20, 000, input vector 𝑋
is a sequence of -1, 0, 1 with each input having dimension 𝑖 = 121. Two FCNNs
predict two physical quantities, with output variables 𝑌 being k�ff and f, where
k�ff has dimension 𝑗 = 1 and f has dimension $j = 20.

1.4 Model Validation

This study uses 10,000 TAKEDA1 and 20,000 TAKEDA2 data groups, with
inputs being reactor core arrangements and outputs being two parameters (k�ff
and f ). The data are divided into training and validation sets at a 6:4 ratio.
The algorithm flowchart is shown in [Figure 7: see original paper].

Using TAKEDA1 as an example, the table below provides values for a manually
set hyperparameter group and a group output by Bayesian optimization:

** Table 2 Hyperparameter selection for TAKEDA1**

Hyperparameters Manual Setting Bayesian Optimization
Batch_{size} 64 100
Hidden_{layers} 4 5
Min_{delta} 5.5e-5 4.5e-5
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Hyperparameters Manual Setting Bayesian Optimization
Factor 0.5 0.8
Num_{neurons} 800, 900, 1600, 800 400, 800, 1800, 600, 50
Loss_{delta} 1.248e-5 8.927e-05

After substituting into FCNN training, the training process curves for
TAKEDA1’s two prediction parameter models are presented below:

[Figure 8: see original paper] Comparison of loss function curves between
Bayesian optimization (left) and manual tuning (right) for k�ff

As shown in [Figure 8: see original paper], as the learning rate decreases, the
training set loss function gradually declines. The test set loss function in [Figure
8: see original paper] (left) stabilizes after 400 epochs, while the test set loss
function in [Figure 8: see original paper] (right) for manual tuning first decreases,
then slowly increases, and finally stabilizes.

[Figure 9: see original paper] Comparison of loss function curves between
Bayesian optimization (left) and manual tuning (right) for f

In [Figure 9: see original paper] (left), the loss function for the Bayesian-tuned
group drops rapidly at the beginning of training, while in [Figure 9: see original
paper] (right), the test set loss function actually increases when the training set
loss function decreases, indicating overfitting in the manual tuning group.

2. Results and Discussion
Evaluation Metrics for Prediction Problems: Definitions of MAE and
MSE are given in Equations (2) and (3). Mean Absolute Percentage Error
(MAPE) and 𝑅2 (coefficient of determination) are defined as:

MAPE = 1
𝑚

𝑚
∑
𝑖=1

∣ 𝑦𝑖 − ̂𝑦𝑖
𝑦𝑖

∣ × 100%

𝑅2 = 1 − ∑𝑚
𝑖=1(𝑦𝑖 − ̂𝑦𝑖)2

∑𝑚
𝑖=1(𝑦𝑖 − ̄𝑦)2

where 𝑦𝑖 represents true values, ̄𝑦 represents sample mean, and ̂𝑦𝑖 represents
predicted values. 𝑅2 measures the proportion of variance in the dependent
variable explained by independent variables, ranging from 0 to 1. An 𝑅2 value
closer to 1 indicates better regression fit.

**** and **** compare errors between FCNN outputs after Bayesian optimiza-
tion and manual hyperparameter setting for the two output variables (k�ff and
f ) using TAKEDA1 and TAKEDA2 as datasets:
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** Table 3 Comparison of errors between Bayesian optimization and manual
hyperparameter tuning for k�ff**

Metric TAKEDA1 TAKEDA2
Manual Setting Bayesian Optimization

MAE (pcm) 397 118
MSE 6.78996e-05 4.258e-11
𝑅2 0.985 0.999

As shown in , Bayesian optimization hyperparameter combinations demonstrate
clear advantages over manual settings in both error magnitude and goodness-
of-fit. The MAE for k�ff obtained through Bayesian optimization is 118 pcm
for TAKEDA1 and 132 pcm for TAKEDA2, compared to 397 pcm and 1625
pcm from manual tuning. On TAKEDA1, Bayesian optimization’s MAE is
one-third of manual tuning; on TAKEDA2, it is one-twelfth, representing sig-
nificant accuracy improvements. The 𝑅2 values from Bayesian optimization are
approximately 0.999, exceeding those from manual tuning and indicating better
FCNN fitting.

** Table 4 Comparison of errors between Bayesian optimization and manual
hyperparameter tuning for f**

Metric TAKEDA1 TAKEDA2
Manual Setting Bayesian Optimization

MAPE (%) 15.47 1.7187
Max Percentage Error (%) 378.92 7.5585
𝑅2 0.85 0.99

Bayesian optimization yields a MAPE of 1.7187% and maximum percentage
error of 7.5585% for f on TAKEDA1, and 0.8213% and 11.130% respectively
on TAKEDA2, achieving satisfactory accuracy. Compared to manual tuning,
Bayesian optimization’s MAPE is one-ninth on TAKEDA1 and one-fifth on
TAKEDA2, while maximum percentage errors are one-fiftieth and one-eighth
respectively, demonstrating substantial accuracy improvements. The 𝑅2 values
from Bayesian optimization are approximately 0.99, exceeding manual tuning
results and indicating superior FCNN fitting.

[Figure 10: see original paper] and [Figure 11: see original paper]
show error distribution histograms for k�ff and f after Bayesian hyperparameter
tuning:

[Figure 10: see original paper] Error distribution histogram for k�ff

As shown in [Figure 10: see original paper], errors in k�ff for both TAKEDA1 and
TAKEDA2 follow a normal distribution with concentrated distribution. Ninety
percent of errors are within 500 pcm, and fifty percent are within 150 pcm.
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[Figure 11: see original paper] Percentage error distribution histogram for
f

As shown in [Figure 11: see original paper], percentage errors for f in both
TAKEDA1 and TAKEDA2 follow a normal distribution. TAKEDA1 shows a
more dispersed error distribution, while TAKEDA2 exhibits a“tall and narrow”
distribution with more concentrated errors. For TAKEDA1, 90% of percentage
errors for f are within 3.5%; for TAKEDA2, 90% are within 1%, achieving good
accuracy.

3. Conclusions
To efficiently solve core refueling optimization problems, this paper proposes
a Bayesian optimization algorithm for neural network hyperparameters as a
surrogate model for core transport calculations. Using datasets obtained from
TAKEDA1 and TAKEDA2 benchmark problems, we trained the model and
compared results with manual tuning, yielding the following findings:

1. FCNN with Bayesian-optimized hyperparameters can effectively fit VITAS
calculation results. The average error of k�ff obtained through Bayesian
optimization is within 150 pcm. The MAPE for f is 1.7187% on TAKEDA1
and 0.8213% on TAKEDA2, with errors within acceptable ranges.

2. The FCNN model established with Bayesian-optimized hyperparameters
significantly outperforms manually tuned models in both error metrics and
goodness-of-fit.

3. The hyperparameters and corresponding FCNN used in this study are only
applicable to TAKEDA1 and TAKEDA2 datasets calculated by VITAS.
For predicting other core parameters, the corresponding dataset can be
replaced and new hyperparameter combinations can be obtained following
the flowchart in [Figure 7: see original paper] for FCNN training, replacing
manual tuning steps and demonstrating universality.

4. This study validates the feasibility and advantages of neural network-based
parameter prediction methods in reactor physics calculations. Further
exploration of additional possibilities for different neural network types in
reactor physics calculations is warranted.
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