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Abstract
This paper presents a neural-network surrogate model for Wendelstein 7-X (W7-X) edge
transport simulations, trained on an EMC3-EIRENE dataset that spans nearly the entire
operating-parameter space currently explored in the W7-X standard configuration. The model
uses an autoencoder to compress EMC3-EIRENE outputs into a low-dimensional latent space
representation, then a neural regressor maps EMC3-EIRENE input parameters to those latent
vectors, and finally both components are fine-tuned together to predict outputs directly from
inputs. In benchmark tests, the improved surrogate outperforms a traditional multilayer
perceptron model, most notably in predicting detached regime. Leave-one-value-out evaluation
indicates high accuracy within the interpolation domain, with minor degradation when
extrapolating. Relative to full EMC3-EIRENE runs, the surrogate provides over a 108 - fold
speedup, enabling large-scale parameter scans or real-time feedback control based on 3D
transport simulations to become feasible in the future.

Keywords: machine learning, EMC3-EIRENE, edge plasma transport, Wendelstein 7-X
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1. Introduction

The Wendelstein 7-X (W7-X) [1–3] is an advanced stellar-
ator optimized for neoclassical transport, fast particle con-
finement and magnetohydrodynamic stability, whose intrinsic
three-dimensional (3D) magnetic field structure imposes high
demands on simulation. The 3D edge transport code EMC3-
EIRENE [4], which couples the fluid model EMC3 [5] with
the kinetic neutral particle transport code EIRENE [6], is
well suited for handling such geometries and its application
has substantially deepened our understanding of edge plasma
transport, radiation dissipation, divertor heat load, particle
exhaust and so on [7–18]. However, the complexity of the
EMC3-EIRENE simulation leads to significant CPU resource
demands, limiting its application in many scenarios, such as
guiding ongoing experiments directly from the control room.
For example, even when applying stellarator symmetry to
reduce the toroidal range of the entire simulation space to
one-tenth of the complete edge range, a single simulation on
W7-Xmeeting satisfactory grid resolutions typically demands
several thousand core-hours on a supercomputer. In recent
years, although simplified codes such as the diffusive field
line tracing [19] and EMC3-Lite [20] improved computational
efficiency, their neglect of impurity transport and particle-
neutral interactions makes them fall far short of replacing
EMC3-EIRENE, particularly in high-density plasma simula-
tions including detached plasmas, which represent a potential
scenario in future nuclear fusion reactors.

To address this problem, machine learning technology
provides a promising solution by learning input-output rela-
tionships from a precomputed dataset, enabling rapid output
predictions. In fusion research, machine learning has been
widely applied to tasks such as plasma control [21–23], dis-
ruption predictions [24–26], and simulation accelerations [27–
31]. For simulation accelerations, one strategy is to replace full
solvers with direct input-output mappings, as shown by one-
dimensional codes DIV1D [32, 33], and the two-dimensional
code SOLPS-ITER [29, 34, 35]. Another approach focuses on
accelerating specific time-consuming steps of a workflow [28,
36, 37]. As is well known, if the upfront cost of constructing
a simulation dataset is acceptable and cost-effective, machine
learning methods that can rapidly and accurately provide pre-
dictive results will offer significant value.

Here, neural-network surrogates for the computationally
intensive 3D EMC3-EIRENE code are successfully developed
for the standard configuration of W7-X. Due to the com-
plex island divertor configuration of W7-X [38, 39], a fully
connected multilayer perceptron (MLP) we initially trained
on converged EMC3-EIRENE simulations, cannot adequately
capture the nonlinear input-output relationship, resulting in
non-negligible errors when predicting detached-plasma cases.
Therefore, an improved architecture is proposed: an autoen-
coder first compresses EMC3-EIRENE outputs into latent
space, an MLP then maps the inputs into these latent vec-
tors, and the two networks are finally fine-tuned together. The
resulting surrogate achieves markedly higher accuracy than

the MLP, with relative errors compared to EMC3-EIRENE
simulations remaining at satisfactory levels. Meanwhile, the
improved model can provide results extremely quickly, mak-
ing it feasible to perform extensive parameter scans or real-
time feedback control based on 3D transport simulations in
the future.

The remainder of this paper is organized as follows. Dataset
construction, neural network architecture, and the hyperpara-
meter optimization are detailed in section 2. Section 3 evalu-
ates the fine-tuned surrogate’s accuracy, its interpolation and
extrapolation performance, and its computational efficiency.
Finally, section 4 concludes the paper.

2. Data and methods

2.1. Dataset generation

A comprehensive dataset was generated using EMC3-
EIRENE code. In these simulations, carbon sputtered from
divertor targets or baffles was specified as the sole radiation
source, with its source strength controlled by the total radiated
power. Cross-field particle diffusivities for hydrogen (bulk
plasma) and carbonwere assumed equal and spatially uniform,
as were the electron and ion thermal diffusivities. Five primary
input parameters were systematically scanned in the EMC3-
EIRENE simulations under the standard configuration of W7-
X: input heating power across the innermost boundary surface
(Pin), radiation power fraction (the ratio of radiation power to
total heating power, frad =

Prad
Pin

), electron density at the separat-
rix (ne,sep), cross-field particle diffusivity D⊥ and cross-field
thermal diffusivity χ⊥. The ranges of these parameters, as
shown in table 1, were selected to cover present operational
window in W7-X standard configuration. As we know, at con-
stant heating power, increasing the plasma density drives the
edge plasma from low to high recycling and eventually into
detachment. Figure 1 illustrates this trend in EMC3-EIRENE
by tracking the total recycling flux during a density ramp. To
ensure the surrogate captures the roll-over of recycling flux,
the separatrix electron density was sampled more densely in
the range 3–6× 1019m−3. Conducting EMC3-EIRENE simu-
lations with exhaustive sampling across the entire parameter
space defined in table 1 would be prohibitively expensive
computationally and unnecessary in practice. We found that,
beyond a certain dataset size, adding further samples yielded
only marginal improvements in model performance. Thus,
463 input sets (about 8% of the full parameter space) were
chosen at random from this parameter space and each was run
to numerical convergence with EMC3-EIRENE. Training the
neural network model on this converged simulation dataset
ensures that physical relationships and self-consistency are
effectively preserved throughout the entire 3D edge region.
The suitability of this sample size for neural-network training
is assessed later.

EMC3-EIRENE produces a wide array of quantit-
ies, including electron temperature, electron density, ion
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Figure 1. Total recycling flux versus separatrix electron density for simulations with Pin = 10 MW,D⊥ = 0.5 m2 s−1,χ⊥ = 1.5 m2 s−1,
and a carbon sputtering rate of 0.04.

Table 1. Input parameter ranges used to generate the EMC3-EIRENE dataset.

Parameter Range

Pin (MW) 4 6 8 10
frad 0.2 0.4 0.6 0.8
ne,sep (1019 m−3) 2 3 3.5 4 4.5 5 5.5 6 7
D⊥ (m2/s) 0.1 0.3 0.5 0.7 0.9 1.1 1.5 2
χ⊥ (m2/s) 0.2 0.6 0.9 1.2 1.5

Figure 2. Training workflow for the fine-tuned surrogate with 5-fold cross-validation and ASHA early-stopping strategy.

temperature, divertor heat load and so on. In the present study,
a separate neural network is trained for each individual output.
The EMC3-EIRENE simulation dataset was constructed using
a 3D numerical mesh with a resolution of 144 × 256 × 144
cells in the radial, poloidal, and toroidal directions, respect-
ively. To facilitate interpretation, a toroidal slice was extracted,
producing a 2D 144× 256 (radial× poloidal) cross-section at
the bean-shaped location onW7-X, which serves as the repres-
entative output discussed below. All inputs and outputs were
scaled with independent min-max normalization to promote
stable and rapid training. For every case, each of the five input
parameters and every grid cell of outputs was transformed
by subtracting its global minimum (over the 463 simulations)
and dividing by the corresponding range (maximum minus
minimum).

2.2. Training workflow

Figure 2 display the training workflow of the fine-tuned
surrogate. After min-max normalization, the 463 converged
EMC3-EIRENE cases are randomly divided into a training
set (80%) and an independent test set (20%). The train-
ing set is used in all subsequent network-training stages,
while the test subset is reserved for the final performance
assessment. The surrogate network training includes three
stages: (1) autoencoder pre-training, (2) inputs-to-latent map-
ping, and (3) joint fine-tuned of the combined networks.
Hyperparameters are selected by searching the training set
with five-fold cross-validation and the ASHA early-stopping
scheduler, and the optimal hyperparameter settings were then
applied to complete the training. The next subsections describe

3
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Figure 3. Architecture of the three-stage (a) autoencoder pre-training, (b) input-to-latent mapping, (c) joint fine-tuned.

the network architecture and the hyperparameter optimization
in detail.

2.2.1. Neural network architecture. The neural net-
work architecture for each phase is illustrated in figure 3.
The surrogate aims to efficiently map five input paramet-
ers of EMC3-EIRENE to the corresponding simulation
outputs.

Stage 1. Autoencoder pre-training
The autoencoder consists of an encoder-decoder pair. The
encoder compresses high-dimensional simulation outputs into
a low-dimensional latent representation, whereas the decoder
reconstructs these outputs from a compact latent representa-
tion. The aim is to learn an information-rich latent space that
captures the dominant spatial structure of the outputs. With the
learned representation, Stage 2 predicts a compact latent vec-
tor from the five inputs instead of full outputs, simplifying the

4
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Figure 4. Schematic of the reference MLP used for direct input-output mapping.

complexmapping task. The loss function used for autoencoder
pre-training is the mean squared error (MSE).

In this work, the encoder contains four down-sampling
residual blocks. Each block applies a 3 × 3 convolution with
stride 2 and padding 1, followed by batch normalization and
a two-layer residual refinement before the shortcut is added.
After the four blocks, the spatial resolution is reduced from
144 × 256–9 × 16, while the channel width increases from
1 to 128. The resulting 128 × 9 × 16 tensor is flattened and
transformed into a compact latent vector by a fully-connected
layer, whose size is optimized through hyperparameter tuning.
This latent vector significantly compresses the data dimen-
sions while preserving the essential spatial structure.

The decoder can be regarded as the inverse transforma-
tion of the encoder. It first reshapes the latent vector back to
128 × 9 × 16 with a fully connected layer, then uses four up-
sampling residual blocks. In each block a transposed convolu-
tion doubles the spatial dimensions and decreases the channel
width, restoring the resolution to 144 × 256 while reducing
the channels from 128 to 1.

Stage 2. Input-to-latent mapping
Themapping network is a fully connected feed-forward neural
network translating the five EMC3-EIRENE input parameters
into the latent vector produced by the encoder. The encoder
is frozen during this stage. A residual branch projects the ori-
ginal 5 inputs directly to the first hidden representation and is
added to the activated output, retaining the linear part of the
mapping. The subsequent hidden layers use identity skip con-
nections, which help gradients flow and stabilize training. A
final linear layer produces the latent vector. Key hyperpara-
meters such as the number of hidden layers L, the number of
neurons in each layer, and the choice of activation function are
selected through the hyperparameter search described below.
The loss function is a latent space MSE between the mapping
output and the encoder-derived latent vector.

Stage 3. Joint fine-tuned
In the final stage, the inputs-to-latent mapping network and
the decoder are chained to form an end-to-end surrogate that

predicts the EMC3-EIRENE outputs from the 5 input para-
meters. Specifically, the mapping network generates latent
vectors based on the 5 EMC3-EIRENE inputs, which sub-
sequently serve as inputs to the decoder. The decoder then
reconstructs the simulation outputs through its up-sampling
structure. Training minimizes the MSE between the surrog-
ate prediction and the reference simulation, updating both the
mapping network and the decoder.

For comparison, we replace the three stages with a single
MLP and train it using the same procedure. The architecture
of this reference MLP, illustrated in figure 4, comprises an
input layer, hidden layers, and an output layer. Every neuron
in a layer connects to every neuron in the next, and nonlin-
ear activation functions supply the required nonlinearity. The
MLP’s hyperparameters are also determined through the same
optimization process.

2.2.2. Hyperparameter optimization. This section illus-
trates the hyperparameter optimization strategy using plasma
temperature prediction as an example. To maximize data util-
ization andminimize sampling errors, we employ 5-fold cross-
validation. Specifically, the training dataset is divided into five
equal subsets, with each four subsets used for training and
the remaining subset reserved for validation. Table 2 lists the
ranges explored for the main hyperparameters. A total of 100
random hyperparameter sets were selected from this search
space, and each set underwent 5-fold cross-validation to cal-
culate the average training and validation loss. The set with
the lowest average validation loss was selected as optimal. To
efficiently carry out hyperparameter optimization and reduce
computational costs associated with numerous trials, the asyn-
chronous successive halving algorithm (ASHA) early stopping
strategy [40] was employed.

Figure 5 shows the average training and validation losses
from the 5-fold cross-validation across these 100 hyperpara-
meter sets. In panel (a) the dark blue curve traces the average
training loss for the best set, while in panel (b) the red curve
traces the corresponding average validation loss. Both pan-
els illustrate that the early-stopping strategy clearly terminate

5
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Table 2. Search space of the main hyperparameters.

Hyperparameters Search space

Learning rate 0.0001–0.01
Number of hidden layers 2, 3, 4
Number of units per hidden layer 64, 128, 256
Latent vector dimension 32, 64, 128, 256
Batch size 8, 16, 32
L2 regularization 10−7−10−3

Optimizer Adam
Activation function ELU, GELU, LeakyReLU
Scheduler ASHA
Auto-encoder epoch 100, 200, 300, 400, 500, 600
Mapping epoch 1000, 1500, 2000, 2500, 3000
Fine-tuned epoch 400, 600, 800, 1000

Figure 5. Average training loss (a) and validation loss (b) over 100 hyperparameter trials using 5-fold cross-validation.

poorly performing trials at an early stage and reallocates
computational resources to more promising sets. With the
optimal hyperparameter settings, the average training and val-
idation losses during the joint fine-tuned stage converge to
approximately 2.0× 10−4 and 5.6× 10−4, respectively. These
low converged losses indicate that the surrogate model has
accurately captured the nonlinear mapping between EMC3-
EIRENE input parameters and outputs.

Figure 6 summarizes the optimal hyperparameters. Across
all training stages (autoencoder pre-training, mapping net-
work training, and joint fine-tuned), the Adam optimizer was
employed with a learning rate of 6.2× 10−5, batch size of
8, ELU activation functions [41], and L2 regularization [42]
of 3.7× 10−7. The autoencoder compresses simulation out-
puts into a 256-dimensional latent representation. The map-
ping network consists of 3 hidden layers, each containing 256
neurons. Training involved 100 epochs for autoencoder pre-
training, 2500 epochs for the mapping network, and 1000
epochs for the joint fine-tuned stage. In practice, due to the
ASHA early stopping strategy, the actual number of epochs

may be fewer than initially configured. Following this hyper-
parameter optimization, the final model was trained on the
complete training dataset using these optimal settings and
applied the same settings to all subsequent model training.
Figure 7 shows the hyperparameter importance and their
correlations with the validation loss. The importance metric
[43] quantifies how each hyperparameter impacts the valid-
ation loss. Higher importance values means stronger impact.
The correlation indicates the linear relationship between the
value of hyperparameters and the validation loss. A posit-
ive correlation (green) indicates that as a hyperparameter’s
value increases, the validation loss also tends to increase.
Conversely, lower values tend to yield smaller loss. As shown,
the learning rate, batch size, and latent vector dimension are
themost significant parameters. All of them demonstrate posit-
ive correlations with validation loss, indicating that within the
explored parameter space, lower these three parameters gen-
erally enhance model performance.

The reference MLP model underwent a similar hyper-
parameter optimization procedure, resulting in the following

6
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Figure 6. Parallel coordinates plot of hyperparameter settings for 100 trials. Each grey line represents a trial’s hyperparameter combination
and its corresponding validation loss, while the blue line highlights the optimal trial.

Figure 7. Hyperparameter importance and their correlations with validation loss. Left: importance quantifying each hyperparameter’s
contribution to the variability of the validation loss. Right: correlation with the validation loss.

optimal configuration: 200 epochs, three hidden layers with
256 neurons each, a learning rate of 9.6× 10−4, batch size of
16, ELU activation function, and L2 regularization of 2.3×
10−7, also employing the Adam optimizer. Compared to the
joint fine-tuned surrogate, the MLP model exhibited higher
training and validation losses, approximately 9.1× 10−4 and
1.3× 10−3, respectively.

To ensure the dataset provides sufficient information for
accurately learning the relationship between EMC3-EIRENE
inputs and outputs, an assessment of dataset adequacy was
performed. We varied the fraction of data allocated to train-
ing from 0.1 to 0.9, using the remaining cases as the test
set. Throughout, we maintained the same network architec-
ture and hyperparameters and recorded the resulting test loss.
As shown in figure 8, the test loss decreases as the trainset
fraction increases, then remains nearly unchanged once the
fraction exceeds around 0.7. This behavior indicates that the
current dataset is already dense enough for accurate surrog-
ate training, and adding more data would produce limited per-
formance gains. This result also justifies using k= 5 for k-fold

cross-validation in hyperparameter tuning mentioned above.
Each fold effectively trains on approximately 64% of the full
dataset, close to the performance plateau. Therefore, k= 5
is deemed sufficient and increasing k further would mainly
increase runtime with a negligible impact on hyperparameter
selection.

3. Performance evaluation of the fine-tuned method

3.1. Accuracy assessment

The overall performance of the MLP and joint fine-tuned sur-
rogates is evaluated using the mean absolute error (MAE) and
mean squared error (MSE) for the three main outputs (Te, ne
and Prad). For ne and Prad, the MLP and joint fine-tuned sur-
rogates were trained using the same network architecture and
hyperparameter settings as for Te. For each test case, we first
average the per-cell errors over all grid cells to obtain a single
MAE and a single MSE. Across the test set, we then compute
the mean and standard deviation of these per-case metrics, as

7
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Figure 8. Test loss as the function of the trainset fraction. Each point corresponds to training on a given fraction of the full dataset, with the
remaining cases held out as the test set.

Table 3. Quantitative error assessment on the test set: MAE and MSE.

Output Surrogate model

MAE MSE

mean standard deviation mean standard deviation

Te (eV) MLP 3.56 × 1000 2.42 × 1000 6.36 × 1001 1.07 × 1002

Joint fine-tuned 1.42 × 1000 1.51 × 1000 1.49 × 1001 3.85 × 1001

ne (m−3) MLP 1.90 × 1000 1.32 × 1018 3.37 × 1037 1.12 × 1038

Joint fine-tuned 1.12 × 1018 1.10 × 1018 1.58 × 1037 4.67 × 1037

Prad (W cm−3) MLP 9.62 × 10−03 8.48 × 10−03 6.87 × 10−03 1.46 × 10−02

Joint fine-tuned 1.04 × 10−03 2.49 × 10−03 1.01 × 10−03 4.76 × 10−03

Figure 9. Probability density distributions of Te, ne and Prad relative error: MLP (blue), joint fine-tuned surrogate (red).

presented in table 3. Compared to theMLP, the joint fine-tuned
surrogate achieves substantially lower MAE and MSE for Te,
ne and Prad, indicating that adopting the latter leads to signi-
ficantly more accurate results. The smaller standard deviations
further support the conclusion of more consistent performance
across the test set.

Figure 9 complements table 3 by plotting relative error dis-
tributions over all grid cells from all cases in the test set. For

each output, the red curve representing the joint fine-tuned
surrogate is narrower, implying a smaller proportion of large
errors. The share of grid cells with absolute value of relative
error exceeding 10% drops from 13.3% to 7.3% for Te, from
8.3% to 4.9% for ne, and from 5.3% to 2.9% for Prad. The thin-
ner tails of the red curves confirm the MAE/MSE reductions
reported in table 3. Overall, on the test set, the joint fine-tuned
surrogate outperforms the MLP.

8
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Figure 10. Comparison of electron temperature predictions for a low radiation fraction case. (a) EMC3-EIRENE reference, (b), (c) MLP
raw and relative errors, (d), (e) joint fine-tuned surrogate raw and relative errors.

Figure 11. Comparison of electron temperature predictions for a high radiation fraction case. (a) EMC3-EIRENE reference, (b), (c) MLP
raw and relative errors, (d), (e) joint fine-tuned surrogate raw and relative errors.

To identify where large errors concentrate, we compare
both surrogates with EMC3-EIRENE for two representat-
ive test cases, one with low radiation fraction (frad = 0.2)
and one with high radiation fraction (frad = 0.8), examin-
ing predictions for Te, ne and Prad. Both cases are run with
an input power of Pin = 6MW, cross-field particle diffusiv-
ity D⊥ = 1.1m2 s−1, and cross-field thermal diffusivity χ⊥ =
1.5 m2 s−1. The separatrix electron densities are ne,sep = 3.0×
1019m−3 for the low radiation case and 5.5× 1019m−3 for the
high-radiation case.

Figure 10 compares Te predictions from the two surrogate
models with the EMC3-EIRENE simulation reference at the
bean-shaped cross-section for the low radiation case. Panel
(a) shows the EMC3-EIRENE electron-temperature distribu-
tion. Panels (b) and (c) give the MLP’s raw error (δ = ypred−
ytrue) and relative error (r= ypred−ytrue

ytrue
), while panels (d) and

(e) show the same errors for the joint fine-tuned surrogate,
all measured against the EMC3-EIRENE reference. In each
figure, the Poincaré plot is not derived from the neural-network
output but rather refers to the visualization of the underly-
ing magnetic equilibrium of the W7-X standard configura-
tion on which the EMC3-EIRENE training data are based. It

is readily apparent that the joint surrogate achieves signific-
antly higher accuracy. Its relative error remains low across
most of the domain and rises only in very low-temperature
areas, where the raw deviation stays modest at roughly 2–
4 eV. Figure 11 presents the corresponding results for the
high radiation fraction case. Accuracy decreases for both sur-
rogates, and the MLP’s relative error exceeds 10% in the
scrape-off layer (SOL), making it unreliable for prediction.
The joint surrogate’s relative error approaches 10% only in
a few low-temperature regions, where the raw error remains
small at roughly 1 eV, while relative errors elsewhere stay
modest.

For ne predictions, the MLP shows large relative errors
in the SOL in both the low and high radiation cases, with
errors further amplified in the high radiation case, as shown
in figures 12 and 13. The joint fine-tuned surrogate markedly
reduces these SOL errors. In the low radiation case, only a
very narrow edge region exhibits noticeable relative error,
but it remains below 10%. In the high radiation case, over-
all performance degrades somewhat, with relative errors tend-
ing to be higher in high-density zones while remaining modest
elsewhere.
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Figure 12. Comparison of electron density predictions for a low radiation fraction case. (a) EMC3-EIRENE reference, (b), (c) MLP raw
and relative errors, (d), (e) joint fine-tuned surrogate raw and relative errors.

Figure 13. Comparison of electron density predictions for a high radiation fraction case. (a) EMC3-EIRENE reference, (b), (c) MLP raw
and relative errors, (d), (e) joint fine-tuned surrogate raw and relative errors.

Figure 14. Comparison of radiation power predictions for a low radiation fraction case. (a) EMC3-EIRENE reference, (b), (c) MLP raw
and relative errors, (d), (e) joint fine-tuned surrogate raw and relative errors.

For Prad predictions shown in figures 14 and 15, the joint
fine-tuned surrogate also demonstrates better performance. In
the low radiation fraction case, radiation is concentrated near
the strike point. The MLP shows visible errors there, whereas
the joint fine-tuned surrogate is more accurate. In the high

radiation fraction case, the radiation front moves toward the
plasma core. The MLP continues to struggle near the front,
while the joint fine-tuned surrogate remains accurate, with
only a modest increase in relative error around the front and
small errors elsewhere.

10
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Figure 15. Comparison of radiation power predictions for a high radiation fraction case. (a) EMC3-EIRENE reference, (b), (c) MLP raw
and relative errors, (d), (e) joint fine-tuned surrogate raw and relative errors.

Figure 16. Spatial maps of relative error averaged over the test set for Te, ne and Prad . Top: MLP. Bottom: joint fine-tuned surrogate.

To give a global view of the error distribution, we
averaged the relative errors for each case across the
entire test set and plot the results in figure 16 for Te, ne
and Prad. Overall, the joint fine-tuned surrogate reduces
errors throughout the scrape-off layer compared with
the MLP.

3.2. Coverage-gap robustness assessment

To evaluate robustness to gaps in the training data, we con-
ducted a leave-one-value-out (LOVO) test. For each of the
five input parameters, we removed every sample that shared
one discrete value, trained on the remaining data, and then

11
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Figure 17. LOVO test loss as a function of the omitted input value. The red dashed line indicates the average validation loss from 5-fold
cross-validation with the optimal hyperparameters.

used the removed cases as an independent test set. Each blue
marker in figure 17 therefore shows the test loss when all
training samples at that value are removed. The horizontal red
dashed line indicates the average validation loss from 5-fold
cross-validation obtained with the optimal hyperparameters.
When the omitted value lies within the training bounds, the
test loss remains close to this baseline, demonstrating strong
in-domain interpolation despite the gap. However, test loss
increases mainly for omissions near domain edges and for
omissions that remove a large fraction of cases (panels (a),
(b), and e; more than 20%). This analysis suggests that future
dataset development should first extend parameter ranges and
fill edge regions, and only then consider densifying interior
regions. In addition, extrapolation beyond the training range
remains challenging.

3.3. Sensitivity assessment of the surrogate’s input-output
mapping

To examine the input-output relations learned by the final joint
fine-tuned surrogate, we performed a post-hoc sensitivity ana-
lysis of the three outputs Te, ne and Prad , complemented by
spatial maps that indicate where each input is most influential.
We use partial dependence (PDP) to summarize how each spa-
tial mean output varies with one input. The PDP is the average
of the individual conditional expectation (ICE) curves, where
each ICE curve is obtained by sweeping a single input while
holding the other four fixed. A set of 128 background samples
was randomly selected from the input parameter ranges lis-
ted in table 1. For each input value, we computed the cent-
ral 95% pointwise interval across the ICE curves, forming the

shaded ‘95% ICE band’ in figure 18. The PDP for the mean Te
increases with heating powerPin and decreases with frad, ne,sep,
D⊥, and χ⊥. The mean ne grows almost linearly with ne,sep,
drops rapidly and then becomes nearly flat as D⊥ increases,
and shows only weak dependence on the remaining inputs
when ne,sep is fixed. For the mean Prad, the PDP rises with
either Pin (at fixed frad) or frad (at fixed Pin), and is nearly flat
with respect to the other inputs. Notably, these trends are con-
sistent with physical expectations, further validating the reli-
ability of the joint fine-tuned surrogatemodel. Thewidth of the
95% ICE band reflects dependence on the other inputs: wider
bands indicate stronger input-input interactions.

To provide a dimensionless global ranking of input import-
ance for the mean outputs, normalized gradient sensitivities
(elasticities) are used, defined as:

Ei =

∣∣∣∣ ∂S∂xi xiS
∣∣∣∣ (1)

where S is the spatial mean of each output and xi is an input.
Gradients ∂S

∂xi
were obtained by automatic differentiation at

256 randomly selected input sets within the range of table 1.
Figure 19 plots the median Ei across those sets. For the mean
Te the dominant inputs are Pin and ne,sep , followed by χ⊥ ,
frad , and D⊥. For the mean ne , ne,sep dominates with smaller
contributions from Pin and frad . For the mean Prad, Pin and frad
are most influential, with the other inputs playing minor roles.

Finally, nondimensional sensitivity (elasticity) maps were
constructed at each grid cell to localize sensitivity in space.
Themaps adopt the same elasticity as equation (1) but are eval-
uated pointwise by replacing the global mean with the local
output value. The resulting per-sample sensitivities are then

12
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Figure 18. Partial dependence of mean outputs (Te, ne and Prad) on each input with 95% ICE band. The black curve is the PDP, and the blue
shaded region is the 95% ICE band.

Figure 19. Global normalized gradient sensitivities (elasticities) of mean Te, ne and Prad to the inputs. Bars show the median elasticities
over 256 samples.

averaged at each grid cell over 128 background samples. The
resultingmaps are shown in figure 20. Bright regionsmark loc-
ations where small fractional changes in an input lead to large
fractional changes in the output. The maps indicate that Pin ,
ne,sep , and χ⊥ affect Te broadly across the domain, whereas
frad and D⊥ act mainly in the SOL. For ne, ne,sep controls the
profile almost everywhere while the other inputs mostlymodu-
late the SOL. ForPrad, the cross-field particle transportD⊥ can
have a more global impact, because D⊥ alters the penetration
depth of impurity carbon and thereby reshapes the radiation

distribution throughout. The remaining inputs primarily influ-
ence radiation in the SOL.

3.4. Efficiency assessment of the surrogate model

An illustrative example is presented here to show the computa-
tional efficiency of the surrogatemodel. The surrogate requires
only about 3.0× 10−6 core · h for each prediction, whereas
a full EMC3-EIRENE run on the present 144× 256× 144
mesh on W7-X typically exceeds 1000 core · h, providing a
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Figure 20. Spatial sensitivity maps of Te, ne and Prad to each input, averaged over 128 background samples. Bright regions mark locations
of large fractional response to inputs.

speed-up of over 108. This performance makes the surrog-
ate ideal for rapid studies. Tasks such as mapping diver-
tor operating regimes against density, radiation fraction, or
cross-field transport coefficients, which are prohibitively slow
with the full EMC3-EIRENE code, can now be completed
in milliseconds. Figure 21(a) plots the surrogate’s recycling
flux predictions versus separatrix electron density and frad at
fixed Pin = 6MW, D⊥ = 0.5, and χ⊥ = 1.5 m2 s−1. The plot
includes about 6000 cases, all evaluated on a standard office
PCwithin a few seconds. The recycling flux is a key parameter.
Its rollover is an indicator of the onset of divertor detachment.
Figure 21(b) shows the probability density of the relative error
in recycling flux predictions on the test set. In the vast majority
of cases, the errors are quite small, further demonstrating that
surrogate model is well-suited for fast large-scale data analysis
in the future.

4. Conclusion

We have developed a neural-network surrogate combining
an autoencoder and a mapping network to rapidly predict
EMC3-EIRENE simulations onW7-X. The autoencoder com-
presses EMC3-EIRENE outputs into a low-dimensional latent

representation, and the mapping network transforms the five
input parameters into this latent space. In the final joint fine-
tuned stage, the model achieves the prediction from EMC3-
EIRENE inputs to outputs. Hyperparameters were tuned via 5-
fold cross-validation combined with the ASHA early-stopping
strategy, which avoids biased performance estimates and
greatly reduces search time.

The joint fine-tuned surrogate outperforms the simpleMLP,
especially for detachment cases prediction, and reproduces
EMC3-EIRENE results with satisfactory accuracy. The sens-
itivity analysis conducted with the trained surrogate model
has provided deeper insights into the interdependencies among
edge plasma parameters. In robustness tests, the surrogate
exhibits excellent interpolation capability but weaker extra-
polation performance, providing guidance for future dataset
construction and expansion. Compared to full EMC3-EIRENE
runs, the surrogate achieves at least an 8-order-of-magnitude
speed-up, making it well suited for rapid predictions and
extensive parameter scans, and paving the way for real-time
application of 3D edge transport simulations to optimize ongo-
ing experiments.

In the future, we plan to expand the training dataset and
incorporate mesh information as input, enabling the trained
model to predict 3D edge parameters for different magnetic
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Figure 21. (a) Surrogate-predicted recycling flux as a function of separatrix electron density and radiation fraction at Pin = 6 MW,
D⊥ = 0.5, and χ⊥ = 1.5 m2 s−1. (b) Probability density of relative error in recycling flux predictions on the test set.

configurations on W7-X, including the effects of magnetic
topology changes induced by high plasma beta. In addition,
this surrogate could be deployed in the control room for fast
inter-shot analysis, quickly providing plasma parameters in
regions not accessible to limited diagnostics, and supporting
experimental efforts to understand edge transport character-
istics under different plasma scenarios.
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