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Abstract

High-fidelity computational fluid dynamics (CFD) simulations are widely used to analyze nuclear reactor transients, but are
computationally expensive when exploring large parameter spaces. Multifidelity surrogate models offer an approach to reduce
cost by combining information from simulations of varying resolution. In this work, several multifidelity machine learning
methods were evaluated for predicting the time to onset of natural circulation (ONC) and the temperature after ONC for a
high-temperature gas reactor (HTGR) depressurized loss of forced cooling transient. A CFD model was developed in Ansys
Fluent to generate 1000 simulation samples at each fidelity level, with low and medium-fidelity datasets produced by system-
atically coarsening the high-fidelity mesh. Multiple surrogate approaches were investigated, including multifidelity Gaussian
processes and several neural network architectures, and validated on analytical benchmark functions before application to
the ONC dataset. The results show that performance depends strongly on the informativeness of the input variables and
the relationship between fidelity levels. Models trained using dominant inputs identified through prior sensitivity analysis
consistently outperformed models trained on the full input set. The low- and high-fidelity pairing produced stronger per-
formance than configurations involving medium-fidelity data, and two-fidelity configurations generally matched or exceeded
three-fidelity counterparts at equivalent computational cost. Among the methods evaluated, multifidelity GP provided the
most robust performance across input configurations, achieving excellent metrics for both time to ONC and temperature
after ONC, while neural network approaches achieved comparable accuracy with substantially lower training times. These
results demonstrate that multifidelity surrogate models can reduce the computational burden of reactor transient analysis
while maintaining accurate prediction of key safety metrics.
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1. Introduction

High-temperature gas-cooled reactors (HTGRs) can experience transients such as depressurized loss of forced
cooling (DLOFC) accidents in which a break in the primary pressure boundary allows air to ingress into the
helium-filled system [1]. This process is not instantaneous: as air accumulates and a critical concentration is
reached, natural circulation can commence and bring air into the system at a much higher rate [2, 3]. Once
natural circulation develops, the increased air ingress can oxidize graphite structures and degrade core heat removal
capability, so the time to onset of natural circulation (ONC) is an important safety metric for HTGR analysis [4].

Accurate prediction of ONC timing in DLOFC scenarios requires high-fidelity computational fluid dynamics
(CFD) simulations that resolve fluid behavior over long transients of several thousand seconds of physical flow
time [4]. Such simulations are computationally expensive, limiting the number of runs that can be afforded for
tasks such as sensitivity analysis [5], uncertainty quantification [6], and design optimization [7, 8]. For detailed
three-dimensional geometries, running hundreds or thousands of full high-fidelity transients is often infeasible in
practice, which motivates the use of surrogate and multifidelity machine learning approaches to approximate time
to ONC from a limited set of high-fidelity simulations.
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Several experiments [2, 3] and simulations [4, 9, 10, 11] have been conducted to determine the time to ONC
for DLOFC transients in HTGRs. In recent work, the authors developed an automated HTGR DLOFC CFD
workflow and performed sensitivity analysis and global and local uncertainty quantification to determine which
inputs most significantly impact the time to ONC using 500 high-fidelity simulations with randomized inputs.
Eight thermal and thermophysical parameters were perturbed within physically realistic ranges, and the heated-
section temperature was found to be the dominant driver of ONC, with minimal impacts from the remaining
perturbed input parameters [11]. Building on this sensitivity analysis, which identifies both dominant and non-
dominant (weakly sensitive) inputs, we test whether two-fidelity and three-fidelity approaches perform differently
across these input groups. Multifidelity surrogate methods have not been applied to ONC prediction, and it is
unclear how input sensitivity structure affects multifidelity surrogate performance in this setting.

Recent advances in machine learning have enabled the development of surrogate models to accelerate high-
fidelity simulations and data analysis in nuclear engineering applications. Early efforts demonstrated how data-
driven models can be used to emulate computationally expensive nuclear simulations and support uncertainty
quantification and system analysis. For example, the use of the Group Method of Data Handling (GMDH) was
explored to analyze reactor simulation data and construct surrogate models capable of capturing nonlinear relation-
ships in reactor physics datasets [12]. Further work introduced probabilistic surrogate modeling approaches such
as Gaussian processes to approximate advanced multiphysics simulations while quantifying predictive uncertainty
[13, 14]. In parallel, neural-network surrogates have been applied to time-series prediction of accident scenarios
and plant transients [15, 16], as well as to high-dimensional neutronics problems such as boiling water reactor core
modeling [17, 18]. The integration of simulation outputs with machine learning has also been explored to combine
physics-based models and data-driven approaches for energy system modeling and uncertainty quantification [19].
Beyond simulation emulation, surrogate models have enabled calibration and optimization tasks in nuclear systems,
including evolutionary neural network and polynomial surrogate approaches for spallation target calibration [20]
and surrogate-assisted optimization of reactor operation and design problems [21, 22]. Similar developments have
been reported in the literature, including machine-learning-based surrogates to accelerate core optimization with
fuel performance modeling [23] and to speed up genetic algorithm optimization for coupled fast/thermal nuclear
experiments [24]. Collectively, these studies highlight the growing role of surrogate modeling and machine learning
in enabling faster simulation, optimization, monitoring, and decision support for advanced nuclear energy systems.

Multifidelity methods combine information from at least two models or data sources that differ in computational
cost and expected accuracy, typically referred to as low-fidelity (LF) and high-fidelity (HF). In this work, LF denotes
the cheaper and less accurate model or data set and HF denotes the most accurate and more expensive one, with
“fidelity” defined relative to available modeling options rather than as absolute truth [25, 26]. Different types of
low-high-fidelity combinations can be used such as low vs. higher dimensionality [27, 28], coarse vs. fine meshes
[29, 30], simulation vs. experimental results [31], and steady-state vs. transient simulations [32]. Multifidelity
methods are most effective when there is a strong correlation between LF and HF outputs, such that the LF model
captures the dominant trends of the HF response even if it cannot fully resolve all features [25, 26].

Multifidelity methods can be broadly categorized into multifidelity surrogate models (MFSMs) and multifidelity
hierarchical models (MFHMs). MFSMs explicitly fuse data from multiple fidelity levels into a single surrogate that
directly predicts HF output, such as co-kriging or a multifidelity neural network [25]. MFHMs, in contrast, employ
different fidelity levels without constructing an explicit joint surrogate, for example through adaptive sampling [33].
The present work focuses on MFSMs, which will be the focus of the remainder of this section.

Multifidelity surrogate modeling has been broadly applied in fluid mechanics, including aerodynamic shape
optimization [34, 35], ship performance prediction[36], wind load estimation on structures [37], and turbomachinery
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flow field prediction [38]. It has also been applied in nuclear engineering, including machine-learning-corrected
coarse-mesh CFD simulations for thermal-hydraulics applications [39] and reactor core simulations [40].

Common multifidelity surrogate approaches fall into two broad families: Gaussian process (GP)-based methods
and neural network-based methods. GP-based methods use co-kriging to model the relationship between fidelity
levels probabilistically [41], and nonlinear extensions have since relaxed the assumption of a linear inter-fidelity
mapping [42]. Neural network-based approaches learn this mapping through composite or residual architectures
[43, 44, 45], offering greater flexibility for high-dimensional problems. Multifidelity extensions of DeepONet, a
neural-network-based operator learning approach, have also been proposed [46, 47].

This work develops and evaluates multifidelity machine learning surrogates to predict time to ONC and post-
ONC temperature in a transient air ingress of a HTGR DLOFC using three mesh-based fidelity levels derived from
the same Ansys Fluent model [11]. The main contributions of this work are as follows:

• Application of multifidelity machine learning surrogates to the prediction of time to ONC and post-ONC
temperature in an HTGR DLOFC air-ingress transient, a problem class where such methods have not previ-
ously been applied. Such methods have the potential to significantly accelerate the safety analysis paradigm
for HTGR DLOFC, which is often hindered by the inherently slow transient behavior and the substantial
computational cost required for high-fidelity simulations.

• A systematic comparison of two-fidelity and three-fidelity strategies under equivalent computational budgets,
evaluating the marginal value of an additional fidelity level across multiple surrogate architectures. Appli-
cations are demonstrated on mathematical benchmark functions for method verification and a real-world
engineering problem.

• An input partitioning study leveraging prior sensitivity analysis to assess surrogate performance under dom-
inant, non-dominant, and full input parameter sets, demonstrating the impact of input selection on multifi-
delity surrogate accuracy.

The remainder of this paper is organized as follows. Section 2 describes the CFD simulation and data generation,
the multifidelity surrogate methods, and the experimental design. Section 3 presents benchmark validation and
ONC results. Section 4 discusses the findings across input subsets and fidelity configurations, and Section 5
summarizes conclusions and directions for future work.

2. Methods

2.1. CFD Simulation and Data Generation

2.1.1. Ansys Fluent Simulation

The computational domain of this simulation represents a simplified h-loop geometry representing an HTGR
filled with helium and a bottom section filled with air. The upper h-loop portion has a heated section that employs
a constant temperature boundary condition and an unheated section that is modeled with a convective boundary
condition with a defined constant heat transfer coefficient as shown in Figure 1. The lower portion of the domain
represents an opening to the atmosphere, modeled using a pressure outlet boundary condition with backflow enabled
to allow air-helium mixing.

Initial conditions represent a post-depressurization state, i.e. the pressure is at atmospheric condition at the
beginning of the transient. Due to the slow development of air ingress and natural circulation, each transient
simulation is run for 6000 seconds of flow time. Transient simulations were performed using Ansys Fluent with a
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Figure 1: Computational domains with boundary conditions of the Ansys Fluent simulation

time step of 0.2 seconds. This large time step was chosen as a compromise to ensure stability while enabling the
completion of a large amount of simulations given computational resource constraints. Because of this, the time to
ONC is meant to serve as a relative value between the different inputs and not meant to give an absolute time to
ONC without further model work and validation efforts. Consistent time stepping across all fidelity levels ensures
fair comparison of multifidelity learning approaches. Additional information about the simulation can be found
in [11].

2.1.2. Input Parameters and SA/UQ

Our previous work [11] performed sensitivity analysis and uncertainty quantification on the Ansys Fluent CFD
model using 500 high-fidelity simulations with randomized input parameters. Eight parameters were perturbed
across physically realistic ranges to characterize their influence on ONC timing and temperature after ONC including
the heated section temperature, the heat transfer coefficient of the unheated section, glass thickness, glass thermal
conductivity, air viscosity, air thermal conductivity, helium viscosity, and helium thermal conductivity. These
ranges are shown in Table 1.

Table 1: Parameter bounds used in the sensitivity and uncertainty analysis. All parameters were sampled using a uniform distribution
[11].

Parameter Lower Bound Upper Bound
Initial temperature of heated section (K) 873.15 1498.2
Heat transfer coefficient of unheated section (W/m2K) 0.1 10
Air viscosity (kg/m·s) [48, 49] 1.85×10-5 5.16×10-5

Air thermal conductivity (W/m·K) [48, 49] 0.02551 0.08452
Helium viscosity (kg/m·s) [50] 1.98×10-5 6.15×10-5

Helium thermal conductivity (W/m·K) [50] 0.15525 0.47859
Glass thermal conductivity (W/m·K) [51] 1.4 3.2
Glass thickness (m) 0.001 0.004

Sensitivity analysis was conducted using four different methods, including Sobol analysis [52], Fourier amplitude
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sensitivity testing (FAST) [53], morris screening [54], and regional sensitivity analysis (RSA) [55] with both random
forest and neural network surrogate models. This was done for both the time to ONC and temperature after ONC
to show the influence of the different input parameters on these outputs. For time to ONC, the temperature of the
heated section was shown to have the greatest impact with the other input parameters having minimal influence.
Both temperature and heat transfer coefficient were shown to have an influence on the temperature after ONC,
with minimal impact from the other inputs.

Following the sensitivity analysis, local and global uncertainty quantification were performed to assess the
relative contribution of dominant versus non-dominant input parameters. For both outputs, 10,000 samples were
propagated through a neural network surrogate under two conditions: all inputs varying and only the dominant
inputs varying. The mean outputs were nearly identical across both conditions, confirming that the non-dominant
parameters have minimal influence on the expected output, as shown in Figure 2.

Figure 2: Global and local uncertainty quantification reproduced from a previous work [11]

These findings motivate an evaluation of how multifidelity surrogate methods perform under different input
configurations. In the remainder of this work, dominant inputs refer to the heated section temperature for time to
ONC, and the heated section temperature and heat transfer coefficient for temperature after ONC. Non-dominant
inputs refer to all remaining parameters for each respective output.

2.1.3. Fidelity Level Definition

To enable multifidelity machine learning studies, new simulation models were developed and generated at
three mesh resolutions while keeping all solver settings, boundary conditions, physical models, and time stepping
identical. The high-fidelity (HF) mesh contains approximately 70,000 elements, the medium-fidelity (MF) mesh
contains approximately 35,000 elements, and the low-fidelity (LF) mesh contains approximately 17,500 elements. A
total of 1000 simulations were generated for each fidelity level, which is double the size of the simulations that were
available before [11]. Figure 3 shows the three mesh resolutions side-by-side. Each high-fidelity simulation sample
requires approximately 6 days to complete the full transient when executed on a single processor. In comparison,

5



the medium-fidelity and low-fidelity simulations require about 3 days and 1.5 days, respectively, underscoring the
substantial computational cost associated with this problem.

Figure 3: Comparison of (left) low-fidelity (17.5k elements), (center) medium-fidelity (35k elements), and (right) high-fidelity (70k
elements) mesh resolutions defining the fidelity hierarchy.

2.2. Multi-fidelity Machine Learning Methods

Several multifidelity machine learning methods were investigated in both two- and three-fidelity settings. These
approaches are outlined below.

Multi-fidelity Neural Network: Delta Method. The delta method models the high-fidelity response as a correction to
a learned low-fidelity prediction. Following the generalized autoregressive multifidelity formulation in [43], the high-
fidelity output is expressed as a function of both the input variables and the low-fidelity prediction, implemented
here using a residual-based neural network approach. First, a neural network fL(x) is trained on the low-fidelity
dataset. The trained model is evaluated at the high-fidelity input locations, and the discrepancy between the
high-fidelity observations and these predictions is computed as

r(x) = yH(x) − fL(x). (1)
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A second neural network f∆(x, fL(x)) is then trained to model this residual, and the final prediction is

ŷH(x) = fL(x) + f∆(x, fL(x)). (2)

The two networks are trained sequentially, and this formulation does not require low- and high-fidelity datasets to
share identical sampling locations.

Multi-fidelity Neural Network: Flag Method. In the fidelity-flag approach (hereafter referred to as the flag method),
a single neural network is trained to learn multiple fidelity mappings simultaneously. This formulation belongs to
the class of all-in-one architectures described in [44], in which different fidelity levels are modeled jointly within a
unified network. The fidelity level is incorporated as an additional input feature by appending a fidelity indicator f
to the input vector. In the bi-fidelity case, f ∈ {0,1}, where f = 0 denotes low-fidelity and f = 1 denotes high-fidelity
data. High-fidelity predictions are obtained by evaluating the learned mapping F (x, f) at f = 1,

ŷH(x) = F (x,1). (3)

Correlations between fidelity levels are learned implicitly through shared network parameters. For K fidelity levels,
the indicator generalizes to K categories (e.g., integer-valued or one-hot encoding).

Multi-fidelity Neural Network: Intermediate Method. The Intermediate method [44] is an all-in-one neural network
in which the input variables are first processed through a shared trunk of hidden layers to produce a feature
representation h(x). From this representation, a low-fidelity prediction is generated,

ŷL(x) = fL(h(x)). (4)

This predicted low-fidelity value is then concatenated with the shared features to construct the high-fidelity pre-
diction,

ŷH(x) = fH(h(x), ŷL(x)). (5)

Model parameters are optimized using the weighted loss

L = αMSEHF + (1 − α)MSELF + λ∥W ∥22, (6)

where α controls the relative weighting between fidelity levels and λ is a regularization parameter. The term
λ∥W ∥22 represents L2 regularization (weight decay) and W denotes the vector containing all trainable parameters
of the neural network. MSEHF is the mean squared error between the predicted and true high-fidelity outputs and
MSELF represents the mean squared error for the low-fidelity predictions.

Multi-fidelity Neural Network: GPmimic Method. The GPmimic method [44] is an all-in-one architecture designed
to emulate the linear correlation structure of autoregressive Gaussian process models while retaining the scalability
of neural networks. The inputs are mapped through a shared neural network trunk to produce a latent represen-
tation u(x), and a final linear mixing layer combines these latent features to generate predictions for each fidelity
level,

ŷ(x) =W u(x) + b, (7)

where W is a learned mixing matrix and b is a bias term. Because no nonlinear activation is applied in the final
layer, each fidelity output is a linear combination of the same shared features. As in the Intermediate method, the
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GPmimic method is trained using the weighted loss defined in Eq.(6).

Multi-fidelity Neural Network: Two-Step Method. The two-step method [44] trains separate neural networks se-
quentially. First, a neural network is trained on the low-fidelity dataset and evaluated at high-fidelity input locations
to obtain low-fidelity predictions. A second neural network is then trained on the high-fidelity data to learn

ŷH(x) = fH(x, fL(x)). (8)

Unlike the delta method, this approach directly learns the high-fidelity mapping as a function of the original inputs
and the low-fidelity surrogate rather than explicitly modeling a residual correction.

Multi-fidelity Neural Network: Three-Step Method. The three-step method [44] extends the two-step formulation
by separating linear and nonlinear inter-fidelity correlations. A neural network is first trained on the low-fidelity
dataset. A linear network is then trained to capture dominant linear correlations between the predicted low-fidelity
values and the high-fidelity response, after which a shallow nonlinear network models any remaining nonlinear
relationships. The resulting prediction is

ŷH(x) = fH(x, fL(x), ylin(x)). (9)

Multi-fidelity Gaussian Process (MF-GP). We also consider a multifidelity Gaussian process method in which the
high-fidelity response is represented as a scaled low-fidelity function plus an independent discrepancy term [41],

yH(x) = ρyL(x) + δ(x), (10)

where ρ is a scalar scaling parameter and δ(x) is a Gaussian process capturing the residual between fidelity levels.
The implementation follows a two-stage procedure: a Gaussian process is first fit to the low-fidelity data to obtain
µL(x), after which ρ is estimated via least-squares regression at the high-fidelity input locations. A second Gaussian
process is then trained on the residuals r(x) = yH(x)−ρµL(x), yielding the final prediction ŷH(x) = ρµL(x)+µδ(x).

Three-fidelity extensions. Some of the multifidelity neural network methods considered in this work are inherently
formulated for two fidelity levels and would require architectural modifications to incorporate additional fidelities.
In contrast, the Intermediate, GPmimic, and Flag methods can be naturally extended to multiple fidelity levels
without altering their overall network architecture, for example by adding additional outputs or intermediate
representations. Accordingly, both two- and three-fidelity variants are evaluated for these methods, while the
remaining methods are evaluated only in the bi-fidelity setting.

2.3. Analytical Benchmarks

2.3.1. Two Fidelity Benchmarks

Data to validate the two-fidelity methods’ performance were generated using two-fidelity benchmark functions
from the MF2 package [56]. The benchmarks used, ordered by input dimensionality, were Forrester (1D), Booth
(2D), Branin (2D), Park91A (4D), Hartmann (6D), and Borehole (8D). In the following definitions in this section,
fh refers to the high-fidelity function, and fl refers to the low-fidelity function.
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Bi-fidelity Forrester Function (1D). The bi-fidelity Forrester function is derived from the classical one-dimensional
Forrester test function [57] as shown below:

fh(x) = (6x − 2)2 sin(12x − 4) (11)

fl(x) = Afh(x) +B(x − 0.5) +C (12)

where x ∈ [0,1]. The recommended parameters are:

A = 0.5, B = 10, C = −5

Bi-fidelity Booth Function (2D). The bi-fidelity Booth function is a two-input system of equations and is defined
below [58]:

fh(x1, x2) = (x1 + 2x2 − 7)2 + (2x1 + x2 − 5)2 (13)

fl(x1, x2) = fh(0.4x1, x2) + 1.7x1x2 − x1 + 2x2 (14)

where
x1, x2 ∈ [−10,10].

Bi-fidelity Park91A Function (4D). The bi-fidelity Park91A function is a four-dimensional benchmark function as
shown below [59]:

fh(x1, x2, x3, x4) =
x1

2
(
√

1 + (x2 + x2
3)

x4

x2
1

− 1) + (x1 + 3x4) exp(1 + sin(x3)) (15)

fl(x1, x2, x3, x4) = (1 +
sin(x1)

10
) fh(x1, x2, x3, x4) − 2x1 + x2

2 + x2
3 + 0.5 (16)

xi ∈ [0,1], i = 1, . . . ,4

Bi-fidelity Hartmann Function (6D). The bi-fidelity Hartmann function is a six-dimensional set of equations [60]
defined by:

fh(x1, . . . , x6) = −
1

1.94

⎛
⎝
2.58 +

4

∑
i=1

αi exp
⎛
⎝
−

6

∑
j=1

Aij(xj − Pij)2
⎞
⎠
⎞
⎠

(17)

fl(x1, . . . , x6) = −
1

1.94

⎛
⎝
2.58 +

4

∑
i=1

α′ifexp
⎛
⎝
−

6

∑
j=1

Aij(xj − Pij)2
⎞
⎠
⎞
⎠

(18)

fexp(x) = (exp(−4/9) + exp(−4/9)
x + 4
9
)
9

(19)

These matrices and vectors are used in the Hartmann functions.

A =

⎛
⎜⎜⎜⎜⎜⎜
⎝

10 3 17 3.5 1.7 8

0.05 10 17 0.1 8 14

3 3.5 1.7 10 17 8

17 8 0.05 10 0.1 14

⎞
⎟⎟⎟⎟⎟⎟
⎠
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P = 10−4

⎛
⎜⎜⎜⎜⎜⎜
⎝

1312 1696 5569 124 8283 5886

2329 4135 8307 3736 1004 9991

2348 1451 3522 2883 3047 6650

4047 8828 8732 5743 1091 381

⎞
⎟⎟⎟⎟⎟⎟
⎠

α = {1.0, 1.2, 3.0, 3.2}, α′ = {0.5, 0.5, 2.0, 4.0}

xj ∈ [0,1], j = 1, . . . ,6

Bi-fidelity Borehole Function (8D). The bi-fidelity Borehole benchmark [59] is constructed from the base function
fb(x;A,B), defined as follows:

fb(x; A,B) = A ⋅ Tu(Hu −Hl)

ln( r

rw
)
⎛
⎜⎜⎜
⎝
B + 2LTu

ln( r

rw
) r2wKw

+ Tu

Tl

⎞
⎟⎟⎟
⎠

with fh(x) = fb(x; A = 2π, B = 1), fl(x) = fb(x; A = 5, B = 1.5), and input vector x = (rw, r, Tu,Hu, Tl,Hl, L,Kw).
The input ranges are:

rw ∈ [0.05,0.15], r ∈ [100,50000], Tu ∈ [63070,115600], Hu ∈ [990,1110],

Tl ∈ [63.1,116], Hl ∈ [700,820], L ∈ [1120,1680], Kw ∈ [9855,12045].

2.3.2. Three Fidelity Benchmarks

Data to validate the performance of the three-fidelity methods were generated using various three-fidelity bench-
mark functions [61]. These benchmark functions include Forrester (1D), Rastrigin (2D and 5D), and Rosenbrock
(2D and 5D).

Multi-fidelity Forrester (Adapted to Tri-Fidelity). The multifidelity Forrester function is defined as shown below [61,
57]:

f1(x) = (6x − 2)2 sin(12x − 4), (20)

f2(x) = (5.5x − 2.5)2 sin(12x − 4), (21)

f3(x) = 0.75(6x − 2)2 sin(12x − 4) + 5(x − 0.5) − 2, (22)

f4(x) = 0.5(6x − 2)2 sin(12x − 4) + 10(x − 0.5) − 5, (23)

where x ∈ [0,1]. Because only three-fidelities were necessary for this work, not all four defined fidelities were used in
the creation of the benchmark functions. The ordering of the fidelities goes from highest (f1) to lowest fidelity (f4).
For the purpose of this research, f1 is not used, f2 is treated as the high-fidelity function, f3 is the medium-fidelity
function, and f4 is low-fidelity function.
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Tri-fidelity Rosenbrock. The tri-fidelity Rosenbrock function is defined as shown below [61, 62, 63]:

f1(x) =
D−1

∑
i=1

[100 (xi+1 − x2
i )

2 + (1 − xi)2] (24)

f2(x) =
D−1

∑
i=1

[50 (xi+1 − x2
i )

2 + (−2 − xi)2] −
D

∑
i=1

0.5xi (25)

f3(x) =
f1(x) − 4 −∑D

i=1 0.5xi

10 +∑D
i=1 0.25xi

(26)

x ∈ [−2,2]D

Similarly to the representation in the Forrester function, f3 represents the lowest fidelity, f2 is the medium-
fidelity, and f1 is the high-fidelity solution. One interesting feature of these equations is that the number of input
dimensions can be changed by refining the D parameter. In this work, input dimensions of 2 and 5 were used to
validate the performance of the three-fidelity methods.

Tri-fidelity Rastrigin. The tri-fidelity shifted-rotated Rastrigin function [63, 64] is defined as

fi(z;ϕi) = f1(z) + er(z, ϕi), i = 1,2,3, (27)

where the base Rastrigin function is

f1(z) =
D

∑
j=1

(z2j + 1 − cos(10πzj)) , (28)

and
z = RD(θ)(x − x∗). (29)

For the two-dimensional case,

R2(θ) =
⎛
⎝
cos θ − sin θ
sin θ cos θ

⎞
⎠
, (30)

while for higher-dimensional cases the rotation operator can be extended using the Aguilera–Perez algorithm. The
fidelity-dependent error term is

er(z, ϕ) =
D

∑
j=1

a(ϕ) cos2(w(ϕ)zj + b(ϕ) + π) , (31)

with

a(ϕ) = Θ(ϕ), (32)

w(ϕ) = 10πΘ(ϕ), (33)

b(ϕ) = 0.5πΘ(ϕ), (34)

Θ(ϕ) = 1 − 0.0001ϕ. (35)

The input domain is
−0.1 ≤ xi ≤ 0.2, i = 1, . . . ,D,
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the rotation angle is θ = 0.2, and the optimum occurs at

x∗ = (0.1, . . . ,0.1)⊺,

for which the highest-fidelity objective value is zero. The fidelity parameters are

ϕ1 = 10000 (high-fidelity), ϕ2 = 5000 (medium-fidelity), ϕ3 = 2500 (low-fidelity).

2.4. Onset of Natural Circulation (ONC) Experimental Design

The objective of this research is to evaluate the performance of two- and three-fidelity machine learning methods
introduced in Section 2.2. The evaluation is carried out using both analytical benchmark functions and the ONC
CFD dataset consisting of 1000 low-, medium-, and high-fidelity simulations that we introduced in Section 2.1.

To systematically evaluate how input sensitivity affects multifidelity performance, the experimental inputs are
categorized into three sets: All Inputs, Dominant Inputs, and Non-Dominant Inputs. These definitions, summarized
in Table 2, are derived from sensitivity analysis and uncertainty quantification [11] which identified the specific
parameters driving the variance for each output quantity.

Table 2: Definition of input parameter sets for the dominant and non-dominant sensitivity studies. The specific parameters included
in the ’Dominant’ and ’Non-Dominant’ sets vary depending on the target output quantity, based on the sensitivity analysis results.

Target Output Input Set Included Parameters

Time to ONC
All Inputs All 8 input parameters
Dominant Heated Section Temperature
Non-Dominant All parameters excluding Heated Sec-

tion Temperature

Temperature after
ONC

All Inputs All 8 input parameters
Dominant Heated Section Temperature and Un-

heated Section Heat Transfer Coeffi-
cient

Non-Dominant All parameters excluding Heated Sec-
tion Temperature and Unheated Sec-
tion Heat Transfer Coefficient

The experimental workflow is designed to first validate each multifidelity method on the analytical benchmark
functions described in Section 2.3. These benchmarks provide a controlled setting in which the behavior of the
models can be assessed prior to application on the ONC dataset. Following benchmark validation, the methods are
applied to the ONC data to evaluate their predictive performance under realistic conditions in an applied scenario.

2.4.1. Benchmark Validation and ONC Application

Each multifidelity method is first applied to the two- and three-fidelity benchmark functions to assess baseline
performance. Hyperparameter tuning is performed using the benchmark problems, after which the same tuning
procedure is repeated on the ONC dataset. The ONC hyperparameter tuning is conducted using all input parame-
ters with time to ONC as a representative output variable. This setup helps prevent overfitting of each multifidelity
method to specific sub-scenarios, enabling a fair comparison of all methods based on their generalization capability.

Once optimal hyperparameters are selected, the trained models are evaluated on multiple ONC prediction
tasks. These include predicting time to ONC and temperature after ONC using different subsets of input variables:
dominant inputs, non-dominant inputs, and the full input set. This approach enables a comparison of model
sensitivity to input selection as well as an assessment of predictive robustness across fidelity configurations.
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2.4.2. Hyperparameter Tuning Strategy

Hyperparameter tuning is performed for each multifidelity method using a grid search approach. Tuning is
first conducted on the analytical benchmark functions and subsequently applied to the ONC dataset. For neural
network-based multifidelity methods, the shared hyperparameters and corresponding search ranges are summarized
in Table 3. The number of training epochs is kept fixed across all experiments to ensure convergence while limiting
computational cost.

For the GPmimic and MFNN-Intermediate methods, additional method-specific hyperparameters are required.
In the two-fidelity setting, a weighting parameter α is used to control the relative importance of the low- and
high-fidelity data in the loss function, with α = 0.5 corresponding to equal weighting of the two fidelities and the
limiting cases α = 0 and α = 1 reducing to single-fidelity regression using only low- or high-fidelity data, respectively.
A grid search is performed over α ∈ {10−4,5 × 10−4,10−3,5 × 10−3,10−2,5 × 10−2}. In addition, a penalty parameter
λ is tuned over λ ∈ {10−1,10−5,10−4,5 × 10−4,10−3,3 × 10−3} following the formulation of the MFNN-Intermediate
method.

In the three-fidelity setting, this weighting strategy is extended to account for low-, medium-, and high-fidelity
data through a set of normalized weights (wl,wm,wh) satisfying wl + wm + wh = 1. To reflect the hierarchical
nature of the fidelities, a constrained grid search is performed with wh = 0.5,0.6,0.7 and wm = 0.2,0.3, with wl

determined implicitly. The penalty parameter λ is tuned over a reduced grid given by λ ∈ {10−5,10−4,10−3}. All
hyperparameter configurations are selected based on the lowest RMSE, and the resulting optimal values for the
benchmarks for each method are reported in Tables 5 and 6 and in Table 9 for the ONC dataset.

For the MF-GP method, no explicit grid search is performed. Instead, the kernel structures are specified directly,
using a Matern kernel with an additive white noise term for the low-fidelity process and an RBF kernel with white
noise for the residual process. We explored various types of kernels before selecting these based on their strong
performance.

Table 3: Hyperparameter tuning grid for Multi-fidelity Neural Networks.

Hyperparameter Search Values
Number of Layers [2, 3, 4]
Nodes per Layer [16, 32, 64, 128]
Learning Rate [1e-4, 5e-4, 1e-3]
Number of Epochs 500

2.4.3. Two-fidelity vs. Three-fidelity Cost Matching Study

To evaluate the relative performance of two- and three-fidelity multifidelity methods, we designed a study
focused on predicting high-fidelity simulation outputs. The primary objective of this comparison is to assess
whether the inclusion of an intermediate fidelity level provides additional benefit beyond simply increasing the
number of high-fidelity samples.

To ensure a fair comparison, computational cost is normalized across two-fidelity and three-fidelity experiments.
Without cost matching, performance improvements could be attributed to increased computational expense rather
than the use of additional fidelity levels. Because the high-fidelity simulations contain approximately four times as
many mesh elements as the low-fidelity simulations, and roughly twice as many as the medium-fidelity simulations,
relative costs are assigned as follows:

• low-fidelity: 1

• medium-fidelity: 2
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• high-fidelity: 4

Using these normalized costs, total simulation budgets were defined and held constant across different fidelity
configurations. In addition to comparing two-fidelity and three-fidelity setups at equal cost, all pairwise two-fidelity
combinations (LF+HF, LF+MF, MF+HF) were also considered. This allowed us to assess whether performance
improvements were due to the inclusion of an intermediate fidelity, specifically, or whether one fidelity level com-
bination was inherently more informative than another. The computational budgets for these combinations can be
seen in Table 4.

Table 4: Cost-matched simulation budgets for two-fidelity (2F) and three-fidelity (3F) experiments. Costs are normalized relative to
low-fidelity simulations (LF = 1, MF = 2, HF = 4).

Fidelity Setup nLF nMF nHF Total Cost
Total Cost = 300

2F (LF + HF) 200 0 25 300
2F (LF + MF) 200 50 0 300
2F (MF + HF) 0 100 25 300

3F (LF + MF + HF) 150 50 12 298
Total Cost = 600

2F (LF + HF) 400 0 50 600
2F (LF + MF) 400 100 0 600
2F (MF + HF) 0 200 50 600

3F (LF + MF + HF) 300 100 25 600
Total Cost = 1200

2F (LF + HF) 800 0 100 1200
2F (LF + MF) 800 200 0 1200
2F (MF + HF) 0 400 100 1200

3F (LF + MF + HF) 600 200 50 1200
Total Cost = 1800

2F (LF + HF) 1000 0 200 1800
2F (LF + MF) 1000 400 0 1800
2F (MF + HF) 0 500 200 1800

3F (LF + MF + HF) 1000 200 100 1800

With these budgets in mind, separate dataset files were created for the high-fidelity train and test split to avoid
data leakage. Because the maximum high-fidelity budget is 200 samples, the training set consists of 200 randomly
selected samples from the full dataset, and the testing set consists of the remaining 800 samples. For each method,
training is performed using the specified number of high-fidelity samples from this training subset, and evaluation
is carried out on the fixed set of 800 high-fidelity test samples.

Similarly, for the LF + MF cases, separate dataset files are created for the medium-fidelity data to prevent data
leakage. In this setting, the medium-fidelity data act as the highest fidelity level available. Since the maximum
number of medium-fidelity training samples is 500, the dataset is split into 500 training samples and 500 testing
samples. The methods are trained using the specified number of medium-fidelity samples from the training subset
and are evaluated on the fixed set of 500 medium-fidelity test samples.

Although it may appear counterintuitive for the test set to be comparable in size to, or even larger than,
the training set, this setup was intentionally adopted by the authors. It is important to note that this study
includes a larger amount of high-fidelity data than is typically available in multi-fidelity research. Because the
low-fidelity and high-fidelity datasets are of equal size (e.g., 1000 samples each), the objective is not to recover
high-fidelity performance from a severely limited high-fidelity budget. Rather, the goal is to validate and compare
the performance of the different methods against a reliable ground truth using a large reference dataset, thereby
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enabling a more robust assessment of which approaches may be most promising for similar problems. Accordingly,
the availability of sufficient computational resources in this study allowed us to generate an equal number of high-
fidelity samples, increasing confidence in the results and reporting of statistical metrics on a large sample pool.

3. Results

3.1. Benchmark Validation

To validate the performance of the proposed two- and three-fidelity methods, all methods are first evaluated on
a set of established multifidelity benchmark functions prior to application on engineering data. These benchmarks
provide a controlled setting in which relative method behavior can be assessed independently of the complexities
introduced by simulation data.

Hyperparameter tuning is performed independently for each method using the benchmark problems described in
Section 2.4.2. A grid search is conducted over the shared neural network hyperparameters summarized in Table 3.
For each method, the root mean squared error (RMSE) is calculated across all benchmark functions, and the
average RMSE is used as the selection criterion. The hyperparameter configuration yielding the lowest average
RMSE is selected as the best-performing configuration for that method.

The resulting optimal hyperparameters for the two- and three-fidelity methods are summarized in Table 5.
These configurations are fixed in subsequent benchmark evaluations to enable a fair comparison between methods.

Table 5: Best hyperparameter configurations across two- and three-fidelity methods. All models were trained for 500 epochs. The
RMSE is averaged across all benchmarks for each method.

Fidelity Method Hidden Layers Learning Rate Mean RMSE
2 GPmimic (128,128,128,128) 0.001 38.5905
2 MF-NN-Delta (64, 64, 64, 64) 0.001 8.4437
2 MFNN-Intermediate (128, 128, 128, 128) 0.001 9.8412
2 MFNN-TwoStep (64, 64, 64, 64) 0.001 120.2910
2 MFNN-ThreeStep (128,128,128,128) 0.001 93.8388
2 MFNN-Flag (128,128,128,128) 0.001 10.0238
3 GPmimic3f (128,128,128,128) 0.001 199.8821
3 MFNN-Intermediate3f (128,128,128,128) 0.001 98.7048
3 MFNN-Flag3f (128,128,128,128) 0.001 114.2706

For the two- and three-fidelity GPmimic and intermediate methods, the optimal weighting and penalty pa-
rameters selected on the benchmarks are reported in Table 6. For these methods, the average RMSE obtained
after tuning these parameters differs only slightly from that obtained in the first-stage hyperparameter selection.
This difference reflects the use of different fidelity-weighting across the two stages. In the initial stage, a fixed
value of α = 0.1 was used to define the relative contribution of the fidelity levels. In the second stage, the tuning
parameter ranges follow those of [44], which utilized smaller values of α. With this additional tuning, the observed
improvement in the average RMSE from the second stage was modest.

Table 6: Optimal fidelity-weighting and penalty parameters selected on the benchmark problems for two- and three-fidelity methods.
For three-fidelity models, weights satisfy wl +wm +wh = 1.

Fidelity Method α wh wm wl λ Mean RMSE
2 GPmimic 0.05 – – – 1e-05 38.4414
2 MFNN-Intermediate 0.05 – – – 0.1 8.3376
3 GPmimic3f – 0.5 0.2 0.3 0.0001 160.2200
3 MFNN-Intermediate3f – 0.7 0.2 0.1 0.001 75.4586
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The best-performing hyperparameter configurations identified during tuning were then applied to each method
and trained for 2000 epochs. Among the two-fidelity approaches, the two-step and three-step methods exhibit
consistently weaker performance and are therefore omitted for brevity. The benchmark RMSE results for the
remaining two-fidelity methods are summarized in Table 7.

Table 7: RMSE comparison across benchmarks for two-fidelity methods, ordered by input dimension.

Benchmark GPmimic MF-GP MF-NN-Delta MFNN-Flag MFNN-Interm.
Forrester (1D) 0.0411 0.0000 0.0370 0.1320 0.0827
Booth (2D) 32.7409 0.0067 13.1901 25.3527 25.9151
Branin (2D) 14.7299 0.0154 8.9195 8.3862 9.9333
Park91A (4D) 0.1610 0.0116 0.1629 0.2407 0.1358
Hartmann6 (6D) 0.1529 0.1028 0.1125 0.1512 0.1550
Borehole (8D) 3.2645 0.0820 5.3271 4.6495 4.9388

As shown in Table 7, among the two-fidelity methods, the MF-GP method exhibits the strongest performance,
achieving the lowest RMSE across all benchmark functions. Among the neural network-based approaches, no single
method consistently outperforms the others. The MFNN-Delta method achieves the lowest error on the Forrester,
Booth, and Hartmann6 benchmarks, while MFNN-Flag performs best on the Branin and Borehole problems, and
MFNN-Intermediate provides the lowest RMSE on the Park91A benchmark.

To qualitatively assess predictive behavior beyond aggregate error metrics, parity and residual plots are shown
for two representative benchmark functions.

Figure 4: Parity plot comparing predicted and true high-fidelity outputs (top) and residual distribution (bottom) for the Booth (2D)
benchmark. Labels: y_pred = predicted value, y_true=ground truth.

The Booth function is shown as a two-dimensional benchmark, with parity plots and residual distributions
presented in Figure 4. Due to the simplicity of the underlying input-output relationship, all methods exhibit
strong agreement between predicted and true high-fidelity values, with points closely located along the parity
line. The residual distributions are narrowly centered around zero, indicating low variance across methods. Subtle
differences are visible in the spread of residuals, with MF-GP exhibiting the tightest distribution, consistent with
its substantially lower RMSE value reported in Table 7.

Figure 5 shows the corresponding parity and residual plots for the Borehole benchmark. The Borehole function
is chosen to show method behavior in a higher-dimensional setting with more complex input–output interactions.
As shown in Figure 5, increased scatter is observed in the parity plots relative to the Booth case. The residual
distributions are correspondingly broader, indicating higher variance in prediction errors across all methods. Despite
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Figure 5: Parity plot comparing predicted and true high-fidelity outputs (top) and residual distribution (bottom) for the Borehole (8D)
benchmark. Labels: y_pred = predicted value, y_true=ground truth

this increased complexity, MF-GP maintains relatively well-centered residuals and more uniform error distributions
compared to the other neural network-based approaches, suggesting more stable performance as dimensionality
increases.

The RMSE results for the three-fidelity benchmarks are summarized in Table 8. Overall, the MFNN-Intermediate
method demonstrates the strongest predictive performance, achieving the lowest RMSE on four of the five bench-
mark functions. Specifically, it provides the best results for the Forrester (1D), Rastrigin (2D), Rastrigin (5D),
and Rosenbrock (2D) problems. The GPmimic method remains competitive and yields the lowest error only for
the Rosenbrock (5D) benchmark. In contrast, the MFNN-Flag method consistently produces higher prediction
errors across all evaluated functions. As expected, prediction difficulty increases with dimensionality and problem
complexity, with the Rosenbrock (5D) case representing the most challenging benchmark for all methods.

Table 8: RMSE comparison across benchmarks for three-fidelity methods.

Benchmark GPmimic MFNN-Intermediate MFNN-Flag
Forrester 1D 0.0417 0.0340 0.0606
Rastrigin 2D 0.1509 0.0718 0.0855
Rastrigin 5D 0.5669 0.5302 0.7285
Rosenbrock 2D 10.6742 9.6140 24.7987
Rosenbrock 5D 281.1450 317.0519 410.2674

To qualitatively assess the predictive behavior of these methods across varying degrees of complexity, parity
and residual plots are presented for two representative benchmarks: Rosenbrock (2D) and Rastrigin (5D).

The results for the two-dimensional Rosenbrock function are presented in Figure 6. The parity plots in the top
row of Figure 6 show that the GPmimic3f and MFNN-Intermediate3f methods perform similarly, with predicted
values adhering closely to the parity line. In contrast, the MFNN-Flag3f method exhibits slightly worse performance;
the points are not as tight to the diagonal and show visible scatter. This trend is confirmed by the residual
distributions in the bottom row of Figure 6, where the Flag3f residuals are less tightly clustered around zero
compared to the sharp peaks observed for the other two methods.

Finally, the results for the five-dimensional Rastrigin function are presented in Figure 7. The parity plots in the
top row show that the predictions are much more scattered compared to the tight lines seen in the Rosenbrock 2D
results. The points do not fall as perfectly on the diagonal line. The residual histograms (bottom row) confirm this,
showing a wider spread of errors rather than the sharp peaks clustered at zero seen in the previous benchmarks.
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Figure 6: Parity plot comparing predicted and true high-fidelity outputs (top) and residual distribution (bottom) for the Rosenbrock
(2D) benchmark on three-fidelity methods. Labels: y_pred = predicted value, y_true=ground truth

Visually, all three methods exhibit similar qualitative behavior, although MFNN-Flag shows somewhat larger errors.

Figure 7: Parity plot comparing predicted and true high-fidelity outputs (top) and residual distribution (bottom) for the Rastrigin
(5D) benchmark on three-fidelity methods.

3.2. Simulation Data Hyperparameter Tuning

After the methods were validated on the analytical benchmarks, hyperparameter tuning was performed on the
ONC data generated in this research. The same hyperparameter tuning grid used for the benchmark functions
(Table 3) was applied to the ONC dataset. Hyperparameter tuning was performed on all of the input parameters
and time to ONC as the output. The resulting hyperparameter configurations can be seen in Table 9.

Comparing these results with the benchmark configurations in Table 5, several differences are observed. For the
two-fidelity methods, MFNN-Delta widened from 64 to 128 nodes per layer, while GPmimic reduced depth from
four to three layers. The Two-Step and Three-Step methods showed the most pronounced reductions in architecture
size. For the three-fidelity methods, GPmimic3f retained its benchmark architecture, while MFNN-Intermediate3f
reduced to three layers of 64 nodes and MFNN-Flag3f reduced to three layers of 128 nodes.
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Table 9: Best hyperparameter configurations on the real dataset (All → Time to ONC) across two- and three-fidelity methods. All
methods were trained for 500 epochs.

Fidelity Method Layers Nodes per Layer Learning Rate RMSE (seconds)
2 GPmimic 3 128 0.0010 386.8805
2 MF-NN-Delta 4 128 0.0010 194.1512
2 MFNN-Flag 4 128 0.0010 194.7106
2 MFNN-Intermediate 4 128 0.0010 199.8040
2 MFNN-ThreeStep 2 128 0.0010 2977.1743
2 MFNN-TwoStep 3 32 0.0010 3065.7572
3 GPmimic3f 4 128 0.0010 382.8426
3 MFNN-Flag3f 3 128 0.0010 288.1738
3 MFNN-Intermediate3f 3 64 0.0010 378.6047

The relative performance trends also differ between datasets. For the two-fidelity case, MFNN-Delta achieved
the lowest RMSE on the benchmark data and also yields the lowest RMSE on the ONC dataset, although MFNN-
Flag and MFNN-Intermediate perform comparably. In contrast to the benchmark results, where MFNN-Delta
exhibited clearer dominance among the neural network methods, the ONC dataset shows more similar performance
among MFNN-Delta, MFNN-Flag, and MFNN-Intermediate. As in the benchmark experiments, the Two-Step and
Three-Step methods remain the poorest performers by a substantial margin. GPmimic continues to outperform
the Two-Step and Three-Step methods but performs worse than the stronger multifidelity neural network variants.

For the three-fidelity methods, the benchmark ranking was MFNN-Intermediate3f, followed by MFNN-Flag3f,
and then GPmimic3f. On the ONC dataset, this ordering changes: MFNN-Flag3f achieves the lowest RMSE,
followed by MFNN-Intermediate3f, while GPmimic3f again performs worst among the three methods.

To ensure consistent comparisons across varying experimental conditions, the optimal hyperparameter configu-
rations identified in Table 9 were held fixed for all subsequent analyses, including the dominant and non-dominant
input studies. This ensures that observed performance differences are attributable to fidelity combinations and
input subsets rather than hyperparameter variation. Consistent with their substantially higher error across both
datasets, the MFNN-TwoStep and MFNN-ThreeStep methods are omitted from the remainder of this study.

The second-stage tuning of fidelity-weighting and penalty parameters (α and λ) was not repeated for the ONC
dataset. Given that this stage produced only modest improvements on the benchmark problems, the parameter
values selected during benchmark tuning were carried forward and applied directly to the ONC analyses. No
additional hyperparameter tuning was performed for the temperature after onset of natural circulation output
parameter. The same hyperparameter configurations obtained from the time-to-ONC tuning case were used for
this output and for all combinations of input parameters.

3.3. ONC Results at Fixed Computational Budget

Table 10 shows the performance for the LF+HF configuration at a fixed computational budget of 1800 as defined
in Table 4. For the full input set, the two-fidelity MF-GP method achieves the highest predictive accuracy for both
outputs. For Time to ONC, MF-GP (2F) attains an RMSE of 102.35 with R2 = 0.9796, exceeding the performance
of all other methods. For Temperature after ONC, it achieves near-perfect performance (RMSE = 1.08, R2 = 1.0),
again outperforming all alternatives. However, this accuracy comes with substantially longer training times. For
all inputs, MF-GP requires 392.29 seconds for Time to ONC and 227.39 seconds for Temperature after ONC,
whereas the MFNN-based approaches generally require much less time. Thus, while MF-GP provides the strongest
predictive performance, it is also the most computationally intensive method in this configuration.

When restricted to dominant inputs, several two-fidelity methods achieve similarly strong performance for Time
to ONC. In this configuration, MFNN-Flag (2F) attains the lowest RMSE (115.69) with R2 = 0.9740, while MFNN-
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Table 10: Performance comparison for the LF+HF configuration at a fixed total computational budget of 1800. The Time (s) column
refers to the computatiuonal time needed by each method

Time to ONC (Seconds) Temp. after ONC (K)
Inputs Method RMSE R2 Time (s) RMSE R2 Time (s)
All Inputs

GPmimic (2F) 312.59 0.8100 5.57 110.96 0.6103 5.75
GPmimic3f (3F) 286.92 0.8399 86.94 95.88 0.7090 73.92

MF-GP (2F) 102.35 0.9796 392.29 1.08 1.0000 227.39
MF-NN-Delta (2F) 139.13 0.9624 8.60 25.14 0.9800 8.94
MFNN-Flag (2F) 152.88 0.9546 5.48 44.22 0.9381 5.62

MFNN-Flag3f (3F) 206.43 0.9171 44.53 47.61 0.9283 38.51
MFNN-Intermediate (2F) 193.52 0.9272 9.81 23.09 0.9831 8.44

MFNN-Intermediate3f (3F) 323.65 0.7963 59.07 67.74 0.8548 49.77
Dominant Inputs

GPmimic (2F) 142.57 0.9605 6.44 96.44 0.7056 5.72
GPmimic3f (3F) 119.82 0.9721 123.93 17.63 0.9902 72.28

MF-GP (2F) 140.97 0.9614 155.89 1.11 1.0000 84.70
MF-NN-Delta (2F) 116.37 0.9737 9.83 2.70 0.9998 8.63
MFNN-Flag (2F) 115.69 0.9740 5.52 20.91 0.9862 5.66

MFNN-Flag3f (3F) 130.10 0.9671 19.41 34.15 0.9631 39.04
MFNN-Intermediate (2F) 116.41 0.9737 10.09 4.70 0.9993 10.18

MFNN-Intermediate3f (3F) 115.06 0.9743 37.61 11.96 0.9955 51.16
NonDominant Inputs

GPmimic (2F) 773.75 -0.1640 5.57 191.48 -0.1604 5.68
GPmimic3f (3F) 866.96 -0.4614 114.52 194.88 -0.2019 96.92

MF-GP (2F) 314.07 0.8082 306.49 102.34 0.6686 277.37
MF-NN-Delta (2F) 1005.18 -0.9645 9.21 233.09 -0.7195 8.38
MFNN-Flag (2F) 756.93 -0.1140 5.66 187.05 -0.1073 5.76

MFNN-Flag3f (3F) 770.75 -0.1550 49.40 187.27 -0.1099 47.24
MFNN-Intermediate (2F) 400.63 0.6879 9.51 148.62 0.3009 9.80

MFNN-Intermediate3f (3F) 917.75 -0.6376 60.30 200.77 -0.2757 72.45

Delta (2F) and MFNN-Intermediate (2F) achieve nearly identical performance with RMSE values of 116.37 and
116.41 and R2 = 0.9737 for both. MF-GP (2F) performs slightly worse with RMSE = 140.97 (R2 = 0.9614), while
GPmimic (2F) yields RMSE = 142.57 (R2 = 0.9605). Notably, the neural network-based approaches achieve these
results with runtimes of approximately 5–10 seconds, compared to 155.89 seconds for MF-GP.

For Temperature after ONC, MF-GP (2F) again achieves the highest accuracy (R2 = 1.0000, RMSE = 1.11).
However, MFNN-Delta (2F) and MFNN-Intermediate (2F) also achieve extremely high accuracy with RMSE values
of 2.70 and 4.70 and R2 values of 0.9998 and 0.9993, respectively, while requiring substantially lower runtimes
(approximately 8–10 seconds). MFNN-Flag (2F) also performs well, achieving RMSE = 20.91 with R2 = 0.9862 and
a runtime of approximately 5.7 seconds. These results indicate that for dominant inputs, several two-fidelity neural
network approaches achieve accuracy comparable to MF-GP while providing significantly lower computational cost.

Performance decreases significantly when only non-dominant inputs are used. For Time to ONC, nearly all
methods produce near-zero or negative R2 values, with the exception of MF-GP (2F), which maintains fair predictive
capability (R2 = 0.8082). MFNN-Intermediate (2F) also achieves moderately positive performance (R2 = 0.6879),
while all other approaches yield negligible or negative R2 values. A similar pattern is observed for Temperature
after ONC, where MF-GP (2F) achieves R2 = 0.6686, followed by MFNN-Intermediate (2F) at R2 = 0.3009, while
all other methods remain near or below zero. Although MF-GP provides the best predictive capability for the
non-dominant inputs, it again requires substantially longer training times (306.49 seconds for Time to ONC and
277.37 seconds for Temperature after ONC ). These results are not surprising, as the non-dominant inputs play a
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negligible role in predicting the target outputs per the sensitvity analysis study. This case therefore serves as a
sanity check, confirming that all methods fail to accurately predict the outputs under such conditions. Accordingly,
the non-dominant input cases will not be discussed further.

Within the LF+HF configuration, two-fidelity implementations generally provide competitive or superior ac-
curacy compared to their corresponding three-fidelity variants at the same computational budget. For example,
under all inputs for Time to ONC, MFNN-Intermediate (2F) achieves R2 = 0.9272 compared to 0.7963 for MFNN-
Intermediate3f (3F). However, GPmimic shows a slight improvement when incorporating the third fidelity level,
achieving R2 = 0.8399 compared to 0.8100 for the two-fidelity variant. Across the input groupings and both output
variables, three-fidelity variants generally incur substantially longer runtimes while providing only modest accuracy
improvements or, in some cases, reduced predictive performance relative to the corresponding two-fidelity models.

Tables 10, A.13, and A.14 compare predictive performance across fidelity pairings at a fixed computational
budget of 1800. Among the three configurations, the LF+HF pairing provides the strongest overall performance
for Time to ONC. With all or dominant inputs available, several methods achieve very high accuracy, with R2

values exceeding 0.95 and RMSE values substantially lower than those observed for the other fidelity combinations.
In contrast, the LF+MF configuration exhibits considerably weaker predictive capability for Time to ONC, with R2

values generally below 0.50 even when all inputs are used and declining to near-zero or negative values when only
non-dominant inputs are available. The MF+HF pairing demonstrates intermediate behavior, achieving strong
performance for all and dominant inputs.

For Temperature after ONC, the behavior is notably different. Across all fidelity pairings, MF-GP consistently
achieves near-perfect predictive accuracy with R2 values approaching 1.0 for both all-input and dominant-input con-
figurations. Neural network approaches such as MFNN-Delta, MFNN-Flag, and MFNN-Intermediate also achieve
very high accuracy while requiring substantially shorter runtimes. Overall, these results indicate that the predic-
tive accuracy of the models depends strongly on both the fidelity pairing and the availability of informative input
variables, with the LF+HF configuration providing the most reliable performance for the more challenging Time
to ONC prediction task.

3.4. Effect of Increasing Budget

Table 11 shows the scaling behavior of the LF+HF (2F) configuration for dominant inputs as the total com-
putational budget increases from 300 to 1800. Across methods, predictive performance for Time to ONC remains
consistently strong, with several approaches achieving R2 values above 0.97 even at the smallest budget. MF-GP
achieves R2 = 0.9739 at a budget of 300 and maintains similar accuracy across larger budgets. Neural network ap-
proaches including MFNN-Delta, MFNN-Flag, and MFNN-Intermediate also achieve high and stable performance
across budgets, with R2 values consistently near or above 0.97. For Temperature after ONC, MF-GP again achieves
the highest accuracy across all budgets with R2 values approaching 1.0, while the neural network methods also
provide highly accurate predictions with substantially shorter runtimes.

MFNN-Delta, MFNN-Flag, and MFNN-Intermediate achieve consistently high R2 values for Time to ONC across all

budgets, typically exceeding 0.97. GPmimic generally performs worse than the other methods but still maintains positive R2

values across budgets. Overall, the results indicate that when informative input variables are available, several multifidelity

neural network approaches achieve performance comparable to MF-GP while requiring substantially lower training times.

Table 12 shows the corresponding scaling behavior when all inputs are used. In this case, increasing the computational

budget generally leads to improved predictive accuracy across several methods. This observation is logical as more samples

are typically needed to inform a larger feature space, while for 1-2 dominant inputs, the lowest computational budget was

sufficient.
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Table 11: Scaling behavior for LF+HF (2F) configuration across increasing total budgets for dominant inputs.

Time to ONC Temp. After ONC
Budget Method RMSE R2 Time (s) RMSE R2 Time (s)
Total Budget = 300

GPmimic 149.23 0.9567 22.42 95.30 0.7125 4.10
MF-GP 115.79 0.9739 7.61 6.24 0.9988 2.60

MF-NN-Delta 118.81 0.9726 40.56 21.47 0.9854 6.44
MFNN-Flag 129.59 0.9673 23.81 38.42 0.9533 3.68

MFNN-Intermediate 120.38 0.9718 43.01 9.60 0.9971 7.10
Total Budget = 600

GPmimic 122.17 0.9710 37.88 99.88 0.6843 4.43
MF-GP 119.15 0.9724 19.87 2.05 0.9999 7.44

MF-NN-Delta 113.39 0.9750 72.76 4.99 0.9992 7.14
MFNN-Flag 116.70 0.9735 35.22 35.84 0.9593 4.17

MFNN-Intermediate 114.73 0.9744 71.59 8.40 0.9978 7.86
Total Budget = 1200

GPmimic 151.09 0.9556 35.17 97.60 0.6985 5.09
MF-GP 128.29 0.9680 90.09 1.76 0.9999 52.05

MF-NN-Delta 112.09 0.9756 50.80 3.00 0.9997 7.90
MFNN-Flag 116.74 0.9735 39.04 18.80 0.9888 4.99

MFNN-Intermediate 114.02 0.9747 75.01 4.18 0.9994 8.69
Total Budget = 1800

GPmimic 142.57 0.9605 6.44 96.44 0.7056 5.72
MF-GP 140.97 0.9614 155.89 1.11 1.0000 84.70

MF-NN-Delta 116.37 0.9737 9.83 2.70 0.9998 8.63
MFNN-Flag 115.69 0.9740 5.52 20.91 0.9862 5.66

MFNN-Intermediate 116.41 0.9737 10.09 4.70 0.9993 10.18

For Time to ONC in Table 12, MF-GP generally achieves the strongest performance across budgets, with R2 increasing

from 0.9631 at a budget of 300 to 0.9796 at 1800. Neural network methods also show improvements with increasing budget,

particularly MFNN-Delta and MFNN-Flag, which achieve R2 values above 0.95 at higher budgets. For Temperature after

ONC, MF-GP again achieves near-perfect accuracy across all budgets, while the neural network approaches also achieve

strong predictive performance with substantially lower runtimes.

Figure 8 further illustrates the scaling behavior of MF-GP runtime as a function of total computational budget for

different input selections. As the computational budget increases, MF-GP training time grows substantially. For a fixed

budget, runtime is highest when all inputs are included, lower when non-dominant inputs are used, and lowest when only

dominant inputs are included. Thus, both increasing computational budget and increasing input dimensionality lead to higher

MF-GP training times. In contrast, the neural network methods maintain substantially lower runtimes across budgets. These

results suggest that when dominant input variables are known, strong multifidelity predictive performance can be achieved

even at relatively small computational budgets, reducing the need for large training budgets.

4. Discussions

Our analysis and results demonstrate that model performance strongly depends on both the dataset and the inputs

used. Methods perform differently across input subsets (all, dominant, and non-dominant) and across output quantities, and

strong performance on benchmark problems does not necessarily translate to engineering data. For example, several neural

network approaches that perform less competitively in benchmarks performed well for the ONC application. In contrast,

MF-GP maintains comparatively strong performance across input groupings and in both cases for the benchmarks and the
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Table 12: Scaling behavior for LF+HF (2F) configuration across increasing total budgets for all inputs.

Time to ONC Temp After ONC
Budget Method RMSE R2 Time (s) RMSE R2 Time (s)
Total Budget = 300

GPmimic 670.01 0.1272 3.90 200.77 -0.2757 3.91
MF-GP 137.84 0.9631 6.15 8.95 0.9975 5.61

MF-NN-Delta 301.93 0.8228 6.43 80.15 0.7967 6.54
MFNN-Flag 177.22 0.9389 3.68 86.25 0.7645 3.44

MFNN-Intermediate 295.27 0.8305 6.56 75.48 0.8197 6.77
Total Budget = 600

GPmimic 583.04 0.3391 3.21 126.20 0.4959 4.52
MF-GP 121.94 0.9711 64.25 3.89 0.9995 49.70

MF-NN-Delta 225.78 0.9009 5.07 48.82 0.9246 7.00
MFNN-Flag 163.07 0.9483 3.22 50.12 0.9205 4.06

MFNN-Intermediate 237.29 0.8905 5.76 69.54 0.8470 7.66
Total Budget = 1200

GPmimic 315.24 0.8068 3.88 117.01 0.5667 5.73
MF-GP 126.16 0.9691 262.79 1.72 0.9999 141.07

MF-NN-Delta 149.51 0.9565 5.89 33.29 0.9649 9.60
MFNN-Flag 151.25 0.9555 3.59 52.18 0.9138 6.07

MFNN-Intermediate 217.59 0.9079 6.47 26.35 0.9780 10.18
Total Budget = 1800

GPmimic 312.59 0.8100 5.57 110.96 0.6103 5.75
MF-GP 102.35 0.9796 392.29 1.08 1.0000 227.39

MF-NN-Delta 139.13 0.9624 8.60 25.14 0.9800 8.94
MFNN-Flag 152.88 0.9546 5.48 44.22 0.9381 5.62

MFNN-Intermediate 193.52 0.9272 9.81 23.09 0.9831 8.44

engineering problem. This variation demonstrates that the effectiveness of a modeling approach depends not only on the

method itself but also on the strength of the underlying input–output relationships in the data.

Across experiments, the dominant-input configuration consistently provided the strongest predictive performance, fre-

quently outperforming models trained on the full set of inputs. This finding suggests that including additional non-

informative variables can introduce noise that weakens the learned relationships, while also increasing the amount of data

required for training, which is particularly costly when high-fidelity simulations are involved. In contrast, models trained

only on non-dominant inputs frequently struggled to capture the underlying relationships, highlighting the importance of

input informativeness in multifidelity modeling.

These findings highlight the importance of evaluating multiple modeling strategies rather than relying on performance

in a single benchmark configuration. Strong results on one dataset or input subset do not guarantee similar behavior under

different input selections or data characteristics. In this study, models performed well when informative inputs were available

but struggled when the input–output relationship was weak or when only non-dominant inputs were used.

The comparison of fidelity configurations further underscores that performance is problem-dependent. In this study, two-

fidelity LF+HF configurations consistently outperformed their three-fidelity counterparts at a fixed computational budget.

However, this does not imply that three-fidelity approaches are inherently inferior. Rather, the results suggest that the

contribution of each fidelity level depends on the information it provides relative to the others. The LF+HF pairing

produced stronger performance than either LF+MF or MF+HF, particularly for Time to ONC. This pattern indicates that

the medium-fidelity data, as constructed in this research, did not yield the same predictive gains as the low- and high-fidelity

combination.

One possible explanation is that the medium-fidelity representation may provide limited additional information beyond
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Figure 8: MF-GP runtime as a function of total computational budget for different input selections and Time to ONC output. Results
are shown for all inputs, dominant inputs, and non-dominant inputs.

what is already captured by the low- and high-fidelity levels. These findings should not be interpreted as a general limitation

of three-fidelity approaches but as a feature of these specific data. With different fidelity definitions, stronger cross-level

correlations, or alternative allocation of computational budget, three-fidelity methods may yield different outcomes. These

results show that the effectiveness of multifidelity modeling depends not only on the number of fidelity levels but also on the

informativeness and interaction between those levels.

Scaling analysis reveals a clear trade-off between predictive accuracy and computational cost. MF-GP achieves strong

and consistent performance across challenging non-dominant input subsets, particularly as budget increases, but its runtime

grows with both computational budget and input dimensionality. Neural network approaches, while generally less robust

with limited information, offer significantly lower training times. The scaling experiments also show that when dominant

inputs are known, accurate predictions can often be achieved even with relatively small computational budgets.

Lastly, the authors observed that most of the multifidelity methods evaluated in this study achieved reliable performance

in at least one experimental setup, with the exception of MFNN-TwoStep and MFNN-ThreeStep, which demonstrated

significantly weaker performance. In addition, the GPmimic method showed generally consistent performance across most

runs; however, some cases exhibited moderate variability depending on the random seed. These observations suggest that

the method may occasionally converge to suboptimal model parameters, highlighting a degree of sensitivity to stochastic

initialization. Although most runs yielded comparable results, the presence of such outliers indicates that GPmimic may

exhibit limited stability, especially at lower training budgets.

5. Conclusions

This work investigated the use of multifidelity machine learning surrogate models to predict the time to onset of natural

circulation (ONC) and the temperature after ONC for a high-temperature gas-cooled reactor (HTGR) depressurized loss

of forced cooling transient. High-fidelity computational fluid dynamics simulations (CFD) were generated using an Ansys

Fluent model, and two additional fidelity levels were created by systematically coarsening the computational mesh to one-half

and one-quarter of the high-fidelity resolution. Several multifidelity surrogate modeling methods were evaluated, including

Gaussian processes and multiple neural network-based approaches, first validated on analytical benchmark functions before

application to the ONC CFD dataset.

To assess how input sensitivity affects multifidelity performance, the study leveraged prior sensitivity analysis results

to partition the input parameters into dominant, non-dominant, and full input sets. Across experiments, the dominant-

input configuration consistently produced the strongest predictive performance, frequently outperforming models trained

using the full set of inputs. This result suggests that including weakly informative variables can introduce noise that

degrades surrogate model accuracy, whereas focusing on the most influential parameters strengthens the learned input–output

relationships. A cost-matched comparison was also conducted to evaluate the performance of different fidelity pairings under
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equal computational budgets. The results showed that the LF+HF configuration generally produced stronger performance

than either the LF+MF or MF+HF combinations. In addition, three-fidelity models did not consistently outperform their

two-fidelity counterparts at equal computational cost, indicating that the inclusion of additional fidelity levels does not

automatically improve predictive performance.

Overall, the results demonstrate that the effectiveness of multifidelity surrogate models depends strongly on input

informativeness, the relationship between fidelity levels, and the allocation of computational resources. In this study, MF-

GP provided the most robust performance when limited information was available, while neural network-based approaches

offered competitive accuracy with substantially lower training times when informative inputs were known. Future work

could extend this framework by incorporating spatiotemporal data to enable surrogate modeling of transient field quantities

rather than scalar outputs. Such approaches may allow prediction of system evolution without requiring full high-fidelity

transient simulations, which remain computationally expensive for large-scale reactor safety analyses.
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Appendix A. Appendix

Tables A.13–A.14 complement the results presented in Table 10 by reporting the LF+MF (2F) and MF+HF (2F)

prediction metrics, respectively. For brevity, rows corresponding to non-dominant inputs are omitted, as these models were

previously observed to exhibit weak performance in Table 10, as expected from the sensitivity analysis study.

Table A.13: Performance comparison for the LF+MF (2F) configuration at a total computational budget of 1800.

Time to ONC Temp after ONC
Inputs Method RMSE R2 Time (s) RMSE R2 Time (s)
All Inputs

GPmimic (2F) 555.05 0.3888 4.52 103.57 0.6490 5.90
MF-GP (2F) 527.92 0.4471 495.54 0.89 1.0000 295.25

MF-NN-Delta (2F) 684.92 0.0693 6.76 14.09 0.9935 9.34
MFNN-Flag (2F) 513.92 0.4760 4.68 36.75 0.9558 5.90

MFNN-Intermediate (2F) 529.50 0.4438 8.83 13.05 0.9944 10.54
Dominant Inputs

GPmimic (2F) 528.55 0.4458 6.07 68.63 0.8459 6.35
MF-GP (2F) 747.30 -0.1079 52.56 0.93 1.0000 100.21

MF-NN-Delta (2F) 554.06 0.3910 9.12 3.02 0.9997 9.57
MFNN-Flag (2F) 526.86 0.4493 6.00 13.40 0.9941 6.14

MFNN-Intermediate (2F) 535.92 0.4302 10.95 3.39 0.9996 11.21

Table A.14: Performance comparison for the MF+HF (2F) configuration at a total computational budget of 1800.

Time to ONC Temp after ONC
Inputs Method RMSE R2 Time (s) RMSE R2 Time (s)
All Inputs

GPmimic (2F) 401.26 0.6869 5.03 84.21 0.7756 5.00
MF-GP (2F) 416.79 0.6622 80.26 0.97 1.0000 69.38

MF-NN-Delta (2F) 135.73 0.9642 8.01 23.39 0.9827 7.40
MFNN-Flag (2F) 189.38 0.9303 4.52 39.91 0.9496 4.79

MFNN-Intermediate (2F) 334.65 0.7823 8.82 30.84 0.9699 8.88
Dominant Inputs

GPmimic (2F) 156.54 0.9524 3.95 178.19 -0.0049 5.05
MF-GP (2F) 467.46 0.5751 11.21 1.03 1.0000 14.50

MF-NN-Delta (2F) 115.92 0.9739 7.25 2.84 0.9997 7.70
MFNN-Flag (2F) 112.59 0.9754 4.71 16.40 0.9915 4.86

MFNN-Intermediate (2F) 119.74 0.9721 8.82 3.15 0.9997 8.85
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