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Abstract. This work introduces automated machine learning workflows that address critical bottlenecks
in surrogate model development for Ion Cyclotron Range of Frequencies (ICRF) heating applications. The
automated framework includes data analysis tools that transform raw datasets into actionable insights in seconds,
replacing weeks of manual exploratory effort and ensuring consistent, reproducible dataset characterization. By
integrating advanced hyperparameter optimization (HPO) methods including Bayesian optimization via BoTorch
and Tree-structured Parzen Estimators (TPE), the framework significantly reduces model development time from
weeks to hours, decreasing computational cost and required expertise, while enabling high-accuracy surrogate
models. Compared to traditional hyperparameter scanning (HPS) techniques such as methodical, randomized,
and grid searches, HPO methods achieve superior convergence and predictive performance, even when compared
to already well-tuned reference models. On NSTX High Harmonic Fast Wave (HHFW) heating datasets, both
Random Forest Regressor (RFR) and neural network surrogates demonstrate improved accuracy, achieving
R? values beyond 0.97 and 0.98, respectively. The results show that while HPO gains are modest for robust
architectures like RFR, they become essential for more sensitive models such as neural networks, highlighting the
trade-offs across optimization strategies. Through automated workflows that eliminate manual hyperparameter
tuning and require minimal ML expertise, this work enables widespread adoption of high-fidelity surrogate
models across the fusion community for real-time plasma control, uncertainty quantification, rapid experimental
scenario development, and integrated system optimization.

1 Introduction applications such as real-time plasma control, optimization

) ) of heating scenarios, in-the-loop code acceleration, rapid
Ton Cyclotron Range of Frequencies (ICRF) heating [1] parameter space exploration for experimental planning, and
represents a critical component in many modern magnetic synthetic data generation.

confinement fusion devices, enabling efficient plasma heat-
ing and current drive capabilities essential for sustained
fusion reactions. The optimization and control of ICRF
systems require accurate, fast predictions of heating pro-
files and power deposition patterns across various plasma
conditions and device configurations. Traditional physics-
based radiofrequency (RF) computational models such as
TORIC [2], while highly accurate, often require substantial
computational resources and execution times that render
them impractical for real-time control applications, sce-
nario optimization, and inter-shot predictive modeling.
Surrogate modeling emerges as a compelling solution
to bridge the gap between computational accuracy and
operational efficiency. By leveraging machine learning
techniques to approximate complex physics-based models,
surrogate models can provide near-instantaneous predic-
tions while maintaining acceptable accuracy levels. This
approach enables previously computationally prohibitive

The development of robust surrogate models requires
careful consideration of model architecture selection, hyper-
parameter tuning, training methodologies, and uncertainty
quantification. Our recent efforts focused on the evaluation
of Random Forest Regressor (RFR), Multilayer Perceptron
(MLP), and Gaussian Process Regressor (GPR) capabilities
to serve as baseline algorithms to achieve real-time capable
predictions [3] and extrapolative properties [4]. However,
previous methodologies [3-6] rely on suboptimal hyperpa-
rameter scanning approaches (methodical, randomized, and
gridded) that are time-consuming and difficult to reproduce.

The primary challenge is not only achieving adequate
surrogate model performance, but also doing so efficiently,
reproducibly, and accessibly, without requiring extensive
machine learning expertise. Manual hyperparameter tuning
often demands weeks or months of expert effort per applica-
tion or dataset, severely limiting the adoption of surrogate
modeling techniques across a broader fusion research com-
*Corresponding author: asvillar@pppl.gov munity. In addition, manual data analysis, necessary to
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evaluate data distributions, correlations, and data quality, is
time-intensive and may overlook critical dataset character-
istics.

This work addresses these critical bottlenecks in the
surrogate modeling implementation process by introducing
automated workflows for data ingestion, analysis, and hy-
perparameter optimization. The key research questions are:
(1) Can automated data ingestion and analysis pipelines
replace manual exploratory efforts while ensuring repro-
ducibility and reliable dataset characterization? (2) Can au-
tomated hyperparameter optimization reduce both the time
and expertise required for developing production-ready
surrogate models, while outperforming traditional manual
scanning approaches? (3) What are the trade-offs between
different optimization strategies across various model archi-
tectures in fusion surrogate modeling? The key contribu-
tions include: (1) automated data ingestion, analysis, and
visualization of datasets, (2) automated hyperparameter
optimization targeting the most significant bottleneck in
surrogate development, and (3) comprehensive evaluation
of advanced optimization strategies, including Bayesian
optimization methods.

This paper is structured as follows. Section 2 describes
the automated data ingestion, analysis, and visualization
workflow and its application to ICRF heating datasets. Sec-
tion 3 presents automated hyperparameter optimization
strategies, comparing traditional approaches with advanced
methods and evaluating their impact on model performance.
Section 4 provides concluding remarks and outlines future
work directions.

2 Automated Data Ingestion and Analysis

The foundation of effective surrogate modeling lies in the
quality and representativeness of the training data. For
ICRF heating applications, the data encompasses a multi-
dimensional parameter space characterizing plasma con-
ditions, device configuration, and heating system param-
eters. Key input parameters include plasma density and
temperature profiles, magnetic field configurations, antenna
specifications, frequency settings, and geometric factors
specific to the tokamak device. The target variables typi-
cally consist of heating power deposition profiles for both
electrons and ions.

2.1 Data Collection and Preprocessing

The data collection process starts with identifying the pa-
rameter space of interest for our surrogate modeling pur-
poses from typical experimental scenarios. Then it is re-
quired to choose a sampling strategy. In order to sample
systematically, and in an automated and optimized manner,
here we use the Latin Hypercube Sampling (LHS) method.
LHS offers several advantages: (1) ensuring uniform cover-
age across all parameter dimensions, (2) minimizing cor-
relation between sampling points, (3) providing optimal
parameter space-filling properties for surrogate training,
and (4) avoiding the “curse of dimensionality”. The imple-
mented workflows sample and transfer the required inputs,

and execute the reference code (in this case, TORIC [2])
in batched simulations via SLURM. Once the simulations
have finished, the workflows retrieve the dataset in flexible
formats (. csv, .pkl, .npy). Depending on the target appli-
cation and requirements, the appropriate format is chosen.
By default, we operate with pickle files due to their binary
characteristic and their associated rapid loading speed. We
also use the pandas DataFrame class as the main element
for moderately sized datasets to store the data for each sim-
ulation batch (i.e. all variables for the O(10*) simulations).
For larger batches we recommend using binary .npy arrays
or HDF5 formats.

The workflow supports automated data ingestion, load-
ing, and content summarization, properly identifying the
number of input and output variables in the dataset. Auto-
mated data preprocessing encompasses standardization and
normalization techniques, applied according to the charac-
teristics of each input variable. By default, the workflow
performs standardization where the variables are subtracted
from their mean and divided by their standard deviation.
This ensures that all input features contribute equally dur-
ing training, enhancing the stability, efficiency, and conver-
gence of surrogate models, particularly those that rely on
gradient-based optimization, such as neural networks.

2.2 Data Analysis and Visualization

The automated analysis pipeline generates comprehensive
visualizations and statistical summaries to provide insights
into dataset characteristics and quality. Figure 1 shows
the key components of this visualization analysis for the
particular case of the electron HHFW power absorption
dataset for NSTX:

e Violin Plots for Input and Output Distributions: the au-
tomated generation of violin plots reveals the statistical
distribution characteristics of both input parameters (see
Figure 1(a)) and heating profiles (see Figure 1(b)). The
effectiveness of using the LHS method can be observed in
the uniform distributions of the input variables: the core
electron density (n.0), the toroidal mode number (N,,), the
density inner profile exponent (@, ), and the core electron
temperature (7). In contrast, the distributions in the out-
put electron power absorption profile (P,) variables are
more concentrated around particular values. Note that P,
indices 0-438 represent core and edge locations, respec-
tively, corresponding to p = 0 and 1, where p € [0, 1] is
the square root of the normalized poloidal flux coordinate.
Figure 1(b) shows that most of the values of P, are negligi-
ble close to the plasma core (P, ) while the peak value of
the entire dataset occurs also at the plasma core, denoting
that while in most scenarios the electron power deposition
occurs at larger p, there are a few scenarios in which the
value can be significant at the core. However, note that the
volume in low p regions is significantly smaller. This P,
behavior changes approaching the edge where the expected
heating rises, reaching its maximum around P, 3s59. These
visualizations provide insights into data variability, con-
centration patterns, and potential outliers that may impact
model training. For heating profiles, violin plots reveal
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Figure 1. Automated analysis of electron HHFW power absorption dataset for NSTX. (a) Input parameter distributions showing Latin
Hypercube Sampling coverage, (b) output power profile distributions across the normalized flux coordinate p € [0, 1] (indexed), (c) mean
heating profiles with standard deviation bands, (d) signal-to-noise ratio analysis, () Pearson correlation heatmap between inputs and
output variables, (f) strongest input-output correlation with maximum correlation r = 0.896 between the toroidal mode number and the

value of the electron heating power at the edge.

whether power deposition patterns exhibit narrow, peaked
distributions or broader, more variable patterns, informing
the selection of appropriate modeling approaches.

¢ Profile Analysis: Figure 1(c) illustrates the mean value
and standard deviation of the heating profile predic-
tions, showing that, in general, the maximum and most
widespread heating is located around P, 35, as the violin
plots also indicated. This comprehensive analysis of heat-
ing profile characteristics includes peak locations and width
distributions, identifying the range of profile types present
in the dataset and quantifying their variability.

o Signal-to-Noise Analysis: Figure 1(d) shows the ratio
between the mean (u) and standard deviation (o) values,
termed as the signal-to-noise ratio. This calculation as-
sesses data quality across different input parameters. Note
that while the heating data appears well-characterized close
to the edge, the variability increases towards the core, de-
creasing the quality of the data in that region. This analysis
identifies parameters with high measurement uncertainty
or computational noise, enabling informed decisions about
data filtering and preprocessing requirements.

e Correlation Analysis: Figure 1(e) shows the input-
output correlations using the Pearson correlation coef-
ficient (r) of two variables (X,Y), defined as rxyy =
Vi X=X (Yi-T)
VEL X=X VS, (V-1)

. This automated correlation analy-

sis generates heatmaps showing relationships between input
parameters and output profile characteristics, revealing the
strongest input-output correlations, and identifying poten-
tial parameter redundancies or unexpected dependencies
that may impact model performance. For instance, we ob-
serve that the toroidal mode number is strongly correlated
with the output power. However, when approaching the lo-
cation of the maximum mean power absorption and towards
the core, we observe that all correlations decrease rapidly,
indicating that the correlation is non-linear. Additionally,
we can also correlate each individual variable and examine
its correlation with the inputs. Figure 1(f) shows where
strongest input-output correlation occurs, which is for the
edge power absorption and the toroidal mode number, with
r = 0.896.

3 Automated Hyperparameter Optimization

Hyperparameter optimization represents the most signif-
icant bottleneck in achieving effective surrogate models.
This process is not only time- and resource-consuming but
can severely limit the achievement of accurate surrogate
model architectures. Traditional methodologies reported in
similar applications of surrogate models rely on rudimen-
tary hyperparameter scanning (HPS) techniques, which
are inefficient in both computational resources and human
labor, and often ineffective at finding optimal surrogate
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solutions. While HPS methods such as methodical scan-
ning, randomized searches, and gridded sampling provide a
reasonable starting point to achieve moderate regression ac-
curacies, more refined hyperparameter optimization (HPO)
methodologies are generally required to deploy surrogates
at the implementation level. This work builds upon previ-
ous efforts in the fusion energy sciences community that
focused on the use of randomized, gridded, and methodical
scans (i.e. HPS) [3-6]. The automated HPO workflow
presented here integrates multiple optimization strategies
to accommodate different computational budgets and opti-
mization objectives, with a focus on testing different auto-
mated hyperparameter tuning methodologies using avail-
able open-source software.

HPS includes three main methods. First, methodical
scanning involves systematic evaluation of hyperparameter
combinations across predefined ranges. While comprehen-
sive, this approach scales poorly with the number of hyper-
parameters and requires extensive computational resources.
The method provides reproducible results but often fails
to identify optimal configurations in high-dimensional pa-
rameter spaces. Second, grid search methods evaluate hy-
perparameters at regularly spaced intervals across specified
ranges. This approach ensures coverage of the parame-
ter space but suffers from the curse of dimensionality, re-
quiring exponentially increasing computational resources
as the number of hyperparameters grows. Grid search
also allocates equal computational budget to all parame-
ter combinations, regardless of their likelihood of yielding
optimal results. Third, random search methods sample
hyperparameter combinations randomly from specified dis-
tributions. This approach often outperforms grid search
in high-dimensional spaces and provides better coverage
of the parameter space with limited computational budget.
However, random search lacks the ability to learn from
previous evaluations and may spend significant effort on
unpromising parameter regions.

HPO techniques play a major role in the streamlined
and effective implementation of surrogate models. These
methods require only the computational expense of the opti-
mization algorithm itself, which, if properly employed, can
dramatically reduce computational cost and require mini-
mal human intervention. Advanced HPO methods leverage
probabilistic models or population-based strategies to ef-
ficiently explore the search space. Bayesian optimization
(BO) [7] methods, such as Gaussian Process (GP) regres-
sion, construct a surrogate model of the objective function
f(x) ~ GP(u(x), K(x,x")), where u and K denote the mean
function and kernel, respectively. The surrogate is updated
iteratively with new evaluations and is used to select fu-
ture configurations via acquisition functions that balance
exploration and exploitation.

An alternative is the Tree-structured Parzen Estimator
(TPE) [8], which models conditional densities p(X | y < y*)
and p(x | y > y*), where y* is a performance threshold.
Configurations are sampled from regions of the search
space that are likely to yield improvements, thereby im-
plicitly incorporating a prior over promising regions.

3.1 Implementation

The automated HPO workflows developed are based on the
Optuna [9] framework, enabling systematic comparison of
different approaches. The implementation includes:

e Random sampling as a baseline method.

o TPE sampling for efficient exploration of discrete param-
eter spaces.

e BoTorch sampling for advanced BO using Gaussian Pro-
cess surrogates [10].

The methodology compares the three different approaches
(Random, Optuna TPE, and Optuna BoTorch) and returns
a study including the best model in terms of the selected
target optimization variable selected. The two optimiza-
tion variables selected are the mean squared error (MSE)
and the coefficient of determination (R?) implemented in
scikit-learn [11].

For the RFR [11] models, we optimize the follow-
ing hyperparameters: n_estimators, max_depth,
min_samples_split, min_samples_leaf, and
max_features. For the MLP models developed
with PyTorch [12], which are fully connected net-
works, we optimize several hyperparameters: n_layers,
hidden_size, dropout_rate, learning_rate,
batch_size, and activation_£n.

3.2 Results and Analysis

Here we demonstrate the hyperparameter tuning capabili-
ties for the electron power deposition dataset generated for
the HHFW for NSTX [4]. The methodology is tested to
determine whether it is possible to (1) achieve effective sur-
rogate models via these methods, and (2) improve upon the
models achieved in our previous iterations [3, 4]. Thus, the
reference models in this case are those from Ref. [4] using
the final outlier-free dataset. This demonstration is particu-
larly challenging given that the achieved reference point is
the result of an extensive investigation with multiple HPS
methods applied across multiple iterations of the models,
resulting in a successful reference architecture design. Note
that we focus on demonstrating major convergence results
rather than finding the global optimal value; therefore, we
run each hyperparameter tuning study for 50 iterations.

Figure 2 compares three hyperparameter tuning method-
ologies—Random Search, Optuna-TPE, and Optuna-
BoTorch for the Random Forest Regressor (RFR). Each
method’s R? score progression is shown with solid lines,
while the best score achieved at each iteration is indicated
with dashed lines. A dashed gray line marks the per-
formance of the previously defined reference model, and
golden stars indicate the iteration at which each method
reached its highest accuracy.

For the RFR model, all methods were able to surpass
the reference R? score of 0.96, though the improvement
was moderate. The BoTorch-based Bayesian optimization
achieved the best result (R?> = 0.9713) in only 19 iterations,
outperforming both TPE and Random Search in terms of
convergence speed and final score. Despite the lack of



EPJ Web of Conferences 346, 01005 (2026)
RFPPC2025

https://doi.org/10.1051/epjconf/202634601005

Hyperparameter Optimization - RFR (P.)

0.98 4
*
________________ T R? = 0.9688 ]
/
0.06 | E— ===t — — - / S VY S
I ‘
‘-
L 0044 ‘
o
[}
%)
o~ |
a4
\
0.92 4
—— Random
0.907 —— Optuna BoTorch
—— Optuna TPE
~~- Reference (R?=0.96)
: —_——— —_——— —
0 10 20 30 40 50

Iteration

Figure 2. Hyperparameter optimization convergence for Random Forest Regressor models on NSTX electron HHFW heating data.
Comparison of three methods over 50 iterations: Random sampling (green), Optuna-BoTorch (blue), and Optuna-TPE (red). Solid
lines show individual R? scores at each iteration, dashed lines show the best R? score achieved up to each iteration. Stars indicate the
iteration where each method achieved its highest score. Gray dashed line shows reference (Ref.) model baseline (R> = 0.96). The Optuna

BoTorch method achieves the best performance (R*> = 0.9713) in 19 iterations.
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Figure 3. Hyperparameter optimization convergence for Multilayer Perceptron models on NSTX electron HHFW heating data, using
MSE as optimization target. Comparison of three methods over 50 iterations: Random sampling (green), Optuna-BoTorch (blue), and
Optuna-TPE (red). Solid lines show individual R? scores at each iteration, dashed lines show the best R? score achieved up to each
iteration. Stars indicate the iteration where each method achieved its highest score. Gray dashed line shows reference (Ref.) model
baseline (R? = 0.97). Results demonstrate high sensitivity of neural networks to hyperparameter choices.
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Figure 4. Hyperparameter optimization convergence for Multilayer Perceptron models on NSTX electron HHFW heating data, using
R? as optimization target. Comparison of three methods over 50 iterations: Random sampling (green), Optuna-BoTorch (blue), and
Optuna-TPE (red). Solid lines show individual R? scores at each iteration, dashed lines show the best R? score achieved up to each
iteration. Stars indicate the iteration where each method achieved its highest score. Gray dashed line shows reference (Ref.) model
baseline (R?> = 0.97). All methods show a minor improvement in the best score compared to using MSE as optimization target.

structure in its exploration, Random Search never fell be-
low R?2 = 091, underscoring the robustness of the RFR
architecture. The optimization-based methods displayed
clear convergence patterns, with BoTorch in particular ex-
hibiting rapid and stable improvement.

Hyperparameter analysis revealed that the most im-
pactful parameter for RFR performance was the number
of estimators (n_estimators), which reached the upper
limit of its search range (500) early in the BoTorch run.
This observation is consistent with the established under-
standing of RFR behavior and suggests that future efforts
may benefit more from allocating computational resources
toward increasing estimator counts rather than extensive
hyperparameter optimization. Overall, RFR proved to be
relatively insensitive to hyperparameter tuning, and even
simple methods and also architectures produced reliable
models.

In contrast, the Multilayer Perceptron (MLP) models
demonstrated significant sensitivity to hyperparameter set-
tings, as can be noticed in Figure 3. All optimization strate-
gies outperformed the reference model, with BoTorch again
achieving the best performance. Notably, BoTorch required
only two iterations to exceed the reference score, while
Random Search and TPE required five and ten iterations,
respectively. BoTorch approach reaches diminishing re-
turns early in the optimization, performance plateaus while
only marginal improvements are achieved in later iterations,
eventually reaching the highest score among all methods.

The Optuna-BoTorch method performed best in terms
of accuracy, achieving optimal performance quickly but
subsequently plateauing. The Random sampling method

surprisingly provided competitive performance, achieving
results similar to Optuna-TPE. Optuna-TPE surpassed the
reference model performance within 13 iterations but did
not reach its highest performance until the final iteration,
suggesting that additional iterations might reveal even bet-
ter hyperparameter combinations.

The large variance in R? scores across iterations, es-
pecially under Random Search, highlights the difficulty
of tuning neural architectures. The MLP model’s behav-
ior illustrates the complexity of its hyperparameter space
and reinforces the importance of advanced hyperparameter
optimization strategies. In particular, BO methods such
as BoTorch offer clear advantages in the neural architec-
ture search, yielding faster convergence and higher-quality
models with minimal human intervention.

These results emphasize the distinction between hyper-
parameter scanning (HPS) and hyperparameter optimiza-
tion (HPO): while scanning methods provide a baseline,
optimization-driven approaches are essential for maximiz-
ing performance, especially in architectures as sensitive as
deep neural networks.

3.3 MSE vs R2 Optimization Target Analysis

An important consideration in hyperparameter optimization
is the choice between different optimization targets. While
neural networks often use MSE as the training loss function,
R? often provides a more interpretable evaluation metric
for regression problems.

Neural networks require differentiable loss functions
for gradient-based optimization, making MSE a natural
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Table 1. Comparison of hyperparameter optimization methods for RFR and MLP models, in terms of best R?, iterations until the best
score, iterations to outperform the reference model, and total time for the optimization.

Model Method Best R TIter. (Best R*) Iter. (R>>Ref.) Total Time (s)
Random Search 0.9674 45 45 274

RER TPE 0.9668 50 13 372
BoTorch 0.9713 19 4 743
Reference (Ref.) 0.96
Random Search (MSE opt.)  0.9777 14 5 379
Random Search (R? opt.) 0.9790 21 5 295
TPE (MSE opt.) 0.9803 26 10 241

MLP TPE (R? opt.) 0.9868 18 5 242
BoTorch (MSE opt.) 0.9846 39 2 234
BoTorch (R? opt.) 0.9856 43 30 265
Reference (Ref.) 0.97

choice for training due to its smooth, convex properties that
facilitate backpropagation. However, R? provides a more
interpretable measure of performance by quantifying the
fraction of variance explained by the model.

When performing hyperparameter optimization, the
choice of objective function affects the optimization tra-
jectory. Using R? as the optimization target focuses on
maximizing explained variance, while MSE optimization
minimizes absolute prediction errors. These different objec-
tives can lead to different optimal hyperparameter configu-
rations. Figure 4 demonstrates this comparison and shows
that, overall, the outcome of the hyperparameter tuning
is quite similar for both methods, while the Bayesian and
TPE methods show more stable and gradual convergence.
A major difference is that the final R? score achieved is
greater when we use R as a target. In particular, we notice
an effect in the TPE-based result. Overall, this method
shows a more gradual approach to the optimal architecture,
and still unclear whether the optimization processes have
reached a converged state.

Table 1 summarizes the performance improvements
achieved by automated hyperparameter optimization across
different model types and optimization methods. All op-
timization studies took on the order of a few minutes (up
to ~ 10 minutes) to finalize, while showing no major dif-
ferences between studies except for BoTorch early con-
vergence to a computationally expensive RFR architecture
maximizing n_estimators. Overall, the results demon-
strate that while RFR models show modest improvements
with automated hyperparameter optimization, MLP mod-
els benefit significantly from proper hyperparameter tun-
ing. The automated HPO workflow reduces the time re-
quired for hyperparameter tuning from weeks/months to
minutes/hours while achieving superior performance com-
pared to HPS approaches.

4 Conclusions and Future Work

This work introduces automated machine learning work-
flows that address critical bottlenecks in surrogate model de-
velopment, particularly for ICRF heating applications. The
automated hyperparameter optimization framework dra-
matically reduces model development time while demon-

strating significant capabilities for efficiency gains. These
results make surrogate modeling accessible to researchers
without extensive machine learning expertise.

The automated data analysis pipeline transforms raw
simulation datasets into actionable insights within seconds,
automatically identifying critical dataset characteristics in-
cluding distribution patterns, correlation structures, and
data quality metrics. This capability eliminates weeks of
manual exploratory analysis and ensures consistent, repro-
ducible dataset evaluation across different physics applica-
tions.

Advanced HPO methods consistently outperformed
HPS approaches based on randomized, gridded, and me-
thodical scans. While the improvements obtained were
modest in absolute terms, it should be noted that the refer-
ence models were particularly successful architectures that
had already been extensively optimized. The capabilities
brought by these methods are not only significant for high-
precision fusion applications where small improvements in
predictions can substantially impact outcomes, but also for
more complex architectures where optimization via HPS
methods would be unfeasible.

Bayesian optimization via BoTorch demonstrated supe-
rior convergence properties, reaching optimal performance
in most scenarios both in terms of accuracy and speed. For
ensemble methods like the Random Forest, we found that
computational resources are better allocated toward increas-
ing model complexity in terms of the number of estimators
rather than extensive hyperparameter exploration.

Our comprehensive evaluation of optimization targets
(MSE vs R?) reveals that both approaches yield compa-
rable results for neural architectures, providing flexibility
in optimization strategy selection based on computational
constraints and interpretability requirements.

These automated workflows make surrogate modeling
more accessible by removing expertise barriers that pre-
viously limited adoption. The standardized analysis and
optimization procedures ensure reproducible results across
different research groups and enable systematic compar-
ison of surrogate model performance across various fu-
sion physics applications. The demonstrated reliability and
speed of these methods enable previously computationally
prohibitive applications including real-time plasma control
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optimization, uncertainty quantification for experimental
planning, and large-scale parameter space exploration for
scenario development.

While this work demonstrates significant advances,
several important limitations should be acknowledged.
Methodologically, the current framework has been opti-
mized primarily for accuracy, without accounting for com-
putational efficiency or model size, factors critical for real-
time deployment and large-scale simulations. Future work
should incorporate multi-objective optimization to balance
accuracy and performance cost, and evaluate scalability
with respect to data volume, spatial resolution, and par-
allel inference capabilities for high-performance comput-
ing workflows. Advanced hyperparameter optimization
approaches, including scalable neural architecture search
methods such as DeepHyper [13], offer promising strate-
gies for identifying efficient, high-performing models. Fur-
thermore, the integration of physics-informed constraints,
automated model selection, and ensemble strategies will
be essential for enabling robust performance across diverse
plasma regimes.

At the application level, generalization across differ-
ent plasma conditions, device geometries, and RF heating
methods remains an open challenge, as current validation
is restricted to a single tokamak (NSTX) and a single heat-
ing scheme (HHFW). Expanding the framework to include
additional ICRF applications such as surrogate modeling of
ion cyclotron wall conditioning [14] using Petra-M [15, 16]
simulations in ITER-relevant scenarios and ultimately to
broader areas of fusion physics beyond ICRF heating will
be critical to realizing its full utility across the fusion re-
search landscape.

In summary, this work establishes a foundation for au-
tomated surrogate model development in fusion energy
sciences, offering a workflow that serves as a starting point
for methodological extensions, broader validation, and ap-
plications to related projects.
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