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Abstract

We explore transfer learning approaches to extend data-driven pedestal models trained on deu-
terium (D) plasmas to tritium (T) and DT mixtures. Specifically, we use models pre-trained on
JET D pulses, and JET T/DT data for the transfer learning. We use model interpretability to guide
our choice of transfer learning strategy. Analysis of model behavior post transfer learning reveals
that sparsity and multicollinearity in the T/DT data lead to severe overfitting when fine-tuning
the weights of the pre-trained neural network-based models. Therefore, we instead use a more
robust and simple output calibration approach to facilitate the impact of isotope composition.
This yields models with R? between 0.66-0.87, performing significantly better than uncalibrated
models though not matching the original D-only performance. The scaling coefficients obtained
qualitatively agree with previous research, namely that the pedestal density scales positively with
increased isotope mass, while pedestal temperature exhibits a weak negative scaling with isotope
mass. This work highlights the importance of understanding model behavior in transfer learning
to ensure reasonable functional mappings, which is particularly relevant for fusion research where
sparse, multicollinear data are encountered.

1. Introduction

A fuel mixture of deuterium (D) and tritium (T) is a leading candidate for future fusion reactors like
ITER due to its high reaction rate under reactor-relevant conditions. Therefore, an important area of
research focuses on how plasma properties in magnetic confinement devices change as the isotope com-
position shifts from being D-dominated, the most studied case in existing machines like JET, to DT mix-
tures or T-dominant [1-4].

One approach to studying such isotope scalings is through simulations, which typically involve solv-
ing first-principles-based equations using numerical methods. However, there are certain aspects of the
plasma in fusion devices that remain challenging to accurately simulate from first-principles, such as
the pedestal region in tokamak devices. The pedestal is characterized by steep temperature and den-
sity gradients that form near the plasma edge when the input power exceeds a certain threshold [5, 6].
While the exact physics behind this phenomena is still a subject of active research, the consensus points
to a self-organizing mechanism involving sheared flows and turbulence suppression. Specifically, near
the edge of the plasma, a strong gradient in the radial electric field develops, which creates a velocity
shear that breaks up turbulent transport structures. This leads to a more steep pressure gradient that
strengthens the radial electrical field and the transport suppression in a feedback loop. Therefore, the
pedestal keeps building until the pressure gradient exceeds a threshold governed by instabilities that trig-
ger edge localized modes (ELMs), or other transport mechanisms that restrict further build-up of the
pedestal. Because heat and particle transport is suppressed when there is a developed pedestal, this oper-
ational mode is referred to as a high-confinement mode (H-mode), as opposed to the non-pedestal low-
confinement mode (L-mode).

© 2026 The Author(s). Published by IOP Publishing Ltd
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The temperature and density at the top of the steep region, the pedestal top values, strongly
influence the temperature and density of the plasma core. This is because core transport is stiff, mean-
ing that the maximum allowable kinetic gradient lengths are relatively fixed. Hence, to raise the core
pressure, the pressure at the edge (the pedestal pressure) needs to be increased. Because the pedestal
impacts the core, limited predictive capability for the pedestal inherently limits the ability to reliably
simulate overall plasma behavior in H-mode, including cases where the impact of isotope composition
is of interest.

As an alternative to first-principles-based pedestal models [7-11], previous work has demonstrated
the feasibility of predicting pedestal top values using data-driven models trained on experimental data
[12-15]. For example, in [12], an interpretable neural network-based method called NeuralBranch was
used to predict the pedestal top at JET while transparently revealing how the pedestal depends on key
tokamak parameters. However, this model was only trained on D plasmas due to the significantly smaller
amount of data available for other isotope compositions in the JET pedestal database [16]. There is
therefore no guarantee that the same level of accuracy will be achieved when directly applying the model
presented in [12], or those in [13-15] to T/DT plasmas, especially since prior research reports a shift in
pedestal characteristics with changing isotope composition, for instance at JET and AUG [1, 2, 17-20].
There are ongoing efforts aimed at capturing the isotope impact on the pedestal in first-principles
models. However, previous work show, for instance, that the established KBM constraint is insufficient
in describing the isotope impact on the pedestal width [2]. Moreover, [2] demonstrates examples of
the necessity to include resistive physics to reproduce experimentally observed changes in the pedestal
when changing isotope composition, where the inclusion of resistive physics entails high computational
demand [21]. Hence, data-driven approaches may serve as a useful complement, both because they pro-
vide fast predictions once trained, but also to potentially highlight qualitative discrepancies between
models trained on experimental data and first-principles based models.

1.1. Scope of work

In this work, we explore transfer learning approaches for scaling data-driven pedestal models trained

on experimental D plasmas to improve their predictive performance on T and DT mixture plasmas.
Specifically, we use the pre-trained NeuralBranch models from [12], which were trained on D data from
the JET pedestal database. For scaling to T/DT predictions, we use data entries from the JET DTE2
experimental campaign [3] included in a newer version of the database. For completeness, we also inves-
tigate isotope scaling using hydrogen (H) plasma data entries.

This work has two main goals. First, we demonstrate how model interpretability can be used to
analyze the behavior of a machine learning model post transfer learning, which enables us to make
informed choices regarding appropriate scaling approaches. Second, the more specific aim is to extend
the applicability of the existing data-driven pedestal prediction tool first introduced in [12] by incorpo-
rating the impact of isotope composition.

2. Dataset

All of the data used in this work comes from the JET pedestal database [16], which was created prior to
this work. The database contains pedestal parameters derived using curve-fitting techniques on temper-
ature and density measurements accumulated during steady-state time intervals. The specific parameters
we predict in this work are the pedestal top values of the electron density and temperature just before
ELMs are triggered. These pedestal top values are illustrated in figure 1.

More details on the creation of the database, including the handling of experimental measurements
and the curve-fitting techniques used to obtain radial profiles can be found in [16].

2.1. Data filtering

As in [12], we here exclude data entries that are associated with impurity seeding or ELM mitigating
techniques (RMPs, kicks, and pellets), due to the impact that these techniques have on the pedestal.
Moreover, all of the included data entries are from experiments that were run with the beryllium/tung-
sten wall at JET (the ITER-like wall). Another feature is that the dataset consists primarily of Type-I
ELMs, and we have excluded pulses that show characteristics of other ELM types (as defined in [6]).
That said, we cannot rule out that a small fraction may represent other ELM types. This fraction is likely
too small to have noticeable impact on the trained models, but may cause occasional significant predic-
tion error. For instance, a model might overpredict on a small ELM sample since it is biased towards
predicting large type-I ELM pedestals.
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Figure 1. Sketches of the electron density . and temperature T, profiles in the plasma edge region. Here, the radial coordinate r
is normalized, with r = 1 representing the last closed flux surface (LCFS). The pedestal top values 71 peq and T, ped, indicated at
the top of the steep regions, are the two values we are predicting with the models in this work.
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Figure 2. Distribution histograms of key parameters in the different D, H, T/DT subsets of the data. Due to the difference in data
size, the distributions are normalized such that the area under each individual curve is 1. In the divertor strike point configu-
ration subplot, acronym V’ refers to a vertical target, ‘C’ to a corner target, and ‘H’ to a horizontal target. For instance, ‘V/C
indicates a configuration where the inner strike point is on the vertical target and the outer strike point is on the corner target.

2.2. Dataset distributions

In total, 1043 deuterium (D) entries were used in the pre-training of the NeuralBranch models in [12].
In figure 2, the distribution of this data with respect to key parameters is shown along with the distri-
butions of the T/DT data (105 entries), and the H data (112 entries). Here, we show a joint distribu-
tion of the T and DT data to improve readability, given that additional observations we conducted indi-
cate qualitatively similar distributions for these two subsets (with the exception that some of the pure T
pulses are associated with higher gas fueling compared to the DT data). The key parameters in figure 2
include the pedestal top values T¢ peq and 7 peq Since these are the prediction outputs in this work. Key
parameters also include the inputs of the pre-trained models: separatrix density 7 sp, plasma current
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Figure 3. Normalized distributions of the effective mass A.f in the three data subsets (after excluding high g5 entries from the
T/DT subset).

Ip, triangularity J, total input power Py (NBI + ICRH + Ohmic—Shine through), and gas fuel rate of
the main ion I'. Here, the triangularity is the average of the upper and lower triangularity of the plasma.
Figure 2 also includes the distribution of the safety factor qos and the divertor strike point configuration.
The reason for displaying the distribution of g5 is due to a significant portion of the T/DT data show-
ing higher gqo5 values compared to the D pre-training data. Therefore, to isolate the effect of changing
the isotope composition from D to T, we choose to not include the T/DT entries where gos > 4.35 when
testing the different scaling strategies (4.35 being the maximum gos value in the D data). This reduces
the dataset size of the T/DT data from 105 to 71.

We see in figure 2 that the T/DT data shows similar distributions compared to the D data. However,
the same cannot be said for the H data, which generally shows much more narrow distributions com-
pared to the D data. This reflects the inherently narrower operational window for H-mode access in
hydrogen plasmas, which constrains the achievable parameter space. However, this inhibits our ability
to perform isotope scaling using the H data, as fine-tuning on a narrow parameter space can cause the
model to misattribute changes to isotope impact rather than to the specific characteristics and biases of
that narrow domain. Indeed, as will be seen in section 5, using the H data for scaling can result in mis-
leading isotope dependencies that contradict previous research. Hence, in the remainder of the paper we
will focus on scaling using the T/DT data, and explore how the T/DT data can be used to potentially
extrapolate to H data.

Figure 3 shows the effective mass A.g distributions for the three data subsets (after excluding high
qos entries from the T/DT subset). Essentially, Aeg describes the ion content (for instance, A =2 for
pure D plasmas, A.g = 2.5 for a 50/50 DT mix, and A.¢ = 3 for pure T plasmas). These distributions
show that while D/H and D/T mixes represent a non-negligible fraction, the highest data density occurs
at the pure H, D, and T samples.

3. Pre-trained pedestal models

The models we use as the base for scaling in this work are NeuralBranch models [12], which means that
they are neural network-based, but arranged in sub-networks (branches) to enable interpretability (to
avoid the black-box problem). Before we describe in more detail how NeuralBranch models work, we
first introduce the four specific NeuralBranch models from [12] that we consider in this work:

(i) Model 1: Predicts #1¢,peq from Ip, d, ne sep

(ii) Model 2: Predicts 1 peq from Ip, d, I, Py

(iii) Model 3: Predicts T peq from Ip, Prot, fe sep

(iv) Model 4: Predicts T peq from Ip, 9, I, Py

Two models for each output are considered to provide flexibility depending on whether #. sp, which acts

as a better proxy for the neutral pressure compared to the gas fueling I' [16], and therefore improves the
accuracy of models predicting the pedestal as shown in [10-12], is available or not as an input (it might

4
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Figure 4. The NeuralBranch architecture and associated interpretable visualizations for Model 1 (predicting 7. peq from Ip, § and

fle,sep» first introduced in [12]). Each neural branch (illustrated with boxes) contains fully connected neural network layers. The
visualizations show the mappings that were learned when the model was trained on deuterium data in [12].

not always be available in future use cases as it is not a strict engineering parameter). Additionally, as
the main goal in [12] was to analyze the input-output relationships, it was relevant to examine how the
parameter dependencies changed when 7. o, Was excluded, forcing the models to rely on inputs like the
fuel rate I' instead (which is of interest in this work as well).

As described in [12], the inputs (#1¢sp and the others) were selected based on a feature importance
method. In summary, the input candidates from [12] that were found to not enhance accuracy in any
of the models include: toroidal field B, minor radius g, elongation «, plasma volume, safety factor gos,
effective ion charge Zg. This does not necessarily mean that these parameters universally are unimpor-
tant for the pedestal. Rather, it means that generally across the available JET D dataset, these parameters
do not contribute with unique information useful for predicting the pedestal that is not already embed-
ded in the other inputs.

3.1. NeuralBranch method
Neural networks and other high capacity machine learning models are known for being black boxes,
meaning that the qualitative mapping from input to output that have emerged during training is difficult
to interpret. The NeuralBranch framework resolves this by arranging neural network layers in separate
sub-networks that are called neural branches, where each neural branch only has two inputs and one
output, as illustrated for Model 1 in figure 4. Since a neural branch only has two inputs, its output can
be plotted versus its two inputs, which provides a qualitative approach for interpreting how the output
of a neural branch depends on its inputs. For instance, in figure 4, we first interpret how the intermedi-
ate/latent variable z depends on Ip and ¢, and then we interpret how the model output 7 peq depends on
z and 7, i, which together reveals the full mapping of the model. In this particular case, 7 p.q increases
when both 7 ., and z increases, and z increases when Ip and ¢ increases. Hence, the model displayed in
figure 4 shows, without going into nuanced details, a positive relationship between 7 eq and all of the
three inputs.

Note that the latent variable z does not need to be known beforehand, as the neural branches
are trained jointly as a single model, with z being shaped during the process. Other aspects of the
NeuralBranch framework, such as the method used to determine the branch architecture and the strat-
egy for appropriately assigning inputs to each neural branch, are detailed in [12]. Full architectural
details and analyses of Models 2—4 are also available in [12]. Below, we provide a brief summary:
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o Model 1: [Ip, 6, #1e sep] — Me ped
Ip, 6, and #1¢ sp are all positively correlated with the output 7 peq. There is a slight positive interaction
between Ip and §, meaning that higher Ip amplifies the impact that ¢ has on 7, peq, and that higher §
amplifies the impact that Ip has on # peq.

e Model 2: [Ip, §, T, Pyot] — 7 ped
Ip, 6, and I are positively correlated with the output . ;cq, and Py is negatively correlated with
Me ped- However, the negative impact of Py on nie peq saturates at high Py and the impact of I' on
Me,ped 1 slightly stronger at lower I'. The same positive interaction between Ip and ¢ that is present in
Model 1 is also present here.

e Model 3: [Ip, Pios> 1e,sep] — Te,ped
Ip and Py are positively correlated with the output T ped, and 7 e, is negatively correlated with
Te ped- However, there is also an attenuating interaction: when Ip is high, the impact of Py and ¢ s
on T p.q weakens. Conversely, when Py is high and #, p, is low, the impact of Ip on T, .q weakens.

e Model 4: [Ip, Pyor, I', 6] — T pea
Ip and Py are positively correlated with the output T eq, and I' and § are negatively correlated
with T ,eq. The same attenuating interaction that is present in Model 3 is also present here, with the
exception that I' effectively replaces 7 scp.

4. Isotope scaling

In this section, we discuss three alternatives for isotope scaling from D to T/DT predictions: 1) classical
transfer learning in the sense of fine-tuning the weights of the pre-trained neural network-based models,
2) simple calibration applied on top of the predictions of the pre-trained models, and 3) simple cali-
bration on top of low-capacity power scalings. We first discuss alternative 1, and in particular why fine-
tuning of the weights is not suitable for our case.

4.1. Alternative 1: fine-tuning of weights

Fine-tuning of weights for transfer learning can in many scenarios be a powerful technique, such as

for fine-tuning foundational language or vision models that are pre-trained through, for instance, self-
supervised learning [22, 23]. Although modern vision and language models operate at an entirely differ-
ent scale than the models in this paper, starting from a favorable initial condition is a property we may
attempt to exploit here as well. Specifically, the strategy is to make very small adjustments to an already
reasonable mapping grounded in the diverse and more populated D data. Ideally, if only minor adjust-
ments are required to achieve high accuracy, the model remains in close proximity to the pre-trained

D model. This proximity may act as a form of regularization to maintain a more stable mapping in the
regions between sparse T/DT data points than would be possible when training from scratch.

However, multicollinearities between the inputs in the T/DT data makes the fine-tuning approach
unsuitable for our case, which we exemplify using Model 2, which predicts #, peq from Ip, J, Py and I'.
In figure 5, the mapping of the neural branch that has the inputs Ip and § in Model 2 is shown, along
with scatter points of the T/DT data. Before the fine-tuning, the neural branch shows a consistent pat-
tern coherent with previous results obtained using D data [16]. Specifically, the branch output z, which
for Model 2 is proportional to the final output 7 peq, increases with increased Ip and 9, where there also
is an amplifying interaction between Ip and d. This coherent and consistent pattern is likely a result of
the diverseness in the larger deuterium dataset used to initially train the model. However, after we have
fine-tuned the model sufficiently to increase the accuracy on the T/DT data, we observe undesirable
behavior due to the data characteristics:

o There is high class separability in the divertor strike point configuration in Ip/d space, where the
V/H and V/V points are strongly clustered. This leads to, for instance, undesirable artifacts like the
peninsula-like pattern (in color) enclosing the V/H points (triangles pointing upwards), as these are
associated with higher 7. peq.

o Other parameters also exhibit problematic multicollinearity. For example, as shown in figure 5, all
entries with the highest fueling I" are concentrated at the highest § and Ip values. Consequently,
when the model is fine-tuned, it becomes ambiguous whether high output values of . .4 should be
attributed to high Ip/d or I'. This ambiguity can lead the model to over- or underestimate the true
influence of these parameters.
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Figure 5. Visualization of the mapping of the neural branch that takes Ip and § as inputs in Model 2 (the model predicting . ped
from Ip, 8, I', and Pyor). The mapping of the neural branch is shown before (a) and after (b) fine-tuning of the weights of the
model using the T/DT data (scatter points). The marker style (divertor strike point configuration) and marker color (I") are used
to illustrate problematic multicollinearities in the T/DT data. z (shown in color) is the output of this neural branch, which for
Model 2 is approximately proportional to the final model output 7 peq.

e The amount of fine-tuning required to achieve high accuracy has caused the to model behave unrea-
sonably outside the T/DT data distribution, in regions that were previously covered by the D data.
For instance, as shown in figure 5, there is a region at high ¢ and low Ip that is not populated by
the T/DT data. After fine-tuning, the output z, and hence 7, peq, scales negatively with increased §
in this region, which is inconsistent with previous research and just an undesirable artifact from the
fine-tuning process. It is not uncommon for machine learning models to be unreliable outside their
training distribution, but it is a drawback that the usable domain shrinks due to very small weight
adjustments not being sufficient.

Is it noteworthy that all these three issues can be accompanied with a misleading high prediction accu-
racy on a validation set (which we observe during testing). For instance, the peninsula (color) that forms
due to the V/H data (see figure 5) will be well suited for predicting on other held-out V/H data that
occupies the peninsula. In other words, a good validation set prediction accuracy alone is not sufficient
since we also value the qualitative behavior of the model.

The extent to which the issues listed above arise during fine-tuning depends on aspects such as the
learning rate, number of training iterations, train/validation data split, freezing certain neural network
layers, and regularization techniques, such as enforcing monotonic dependencies with respect to the
inputs. Through experimentation with these aspects, we did not identify a solution that sufficiently
addresses these qualitative issues while achieving a prediction accuracy surpassing the more simple and
robust method that will be presented next.

Another aspect worth emphasizing is that we treat all of the T/DT entries as if they have the same
Acg value in this section. This choice was made to simplify the demonstration of how the multicollinear-
ity discourages the fine-tuning approach, which persists whether or not the model includes a branch
accounting for specific A values in the DT range.

In summary, the interpretability aspect of the NeuralBranch framework reveals limitations in the
fine-tuning approach for this application, that would have remained hidden when relying solely on
black-box model performance metrics. Moreover, although we have demonstrated the limitations of the
fine-tuning approach using only one pre-trained model, the fundamental limitations imposed by the
T/DT data characteristics are inherent to all four cases.

4.2. Alternative 2: simple output calibration

A more simple approach to perform isotope scaling is to freeze the entire pre-trained model, and to
perform an adjustment on top of the prediction, which effectively serves as an output calibration. For
instance, using Model 1 as an example, one of the simplest possible approaches would be to add an off-
set ¢ to the pre-trained model

T/DT D
ne,{Ded = ne,ped (IP7 67 ne,sep) +c, (1)

7
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Table 1. R? values of the different calibration methods applied to the different pre-trained models.

R?: Model 1 e ped (e,sep) ~ RZ:Model 2 11 pea(I')  R?: Model 3 Te ped (e sep) ~ R?: Model 4 T pea(T)

y' =P (no calibration) 0.80 0.58 0.62 —0.38

yI=y"+c 0.84 0.69 0.65 —0.15

yI=yP-c 0.86 0.72 0.66 0

y' =P Al 0.87 0.72 0.66 0.10
T Acr | €

yh =P (55) 0.87 0.71 0.66 —0.14

Original R? on D data 0.88 0.84 0.82 0.66

or to scale the output of the pre-trained model through multiplication

T/DT

D
M bed = € Mo ped (Ip, 6, e sep) » (2)

where ¢ in both cases is optimized to minimize, in our case, the mean squared error on the T/DT data.
Here, the pre-trained model neD,ped remains entirely unmodified.

Given the characteristics of the T/DT data, this simpler output calibration approach presents certain
advantages over the fine-tuning method:

e Since only one or a few parameters are optimized, it reduces the risk of overfitting to specific charac-
teristics of the T/DT data, such as the separation between divertor strike point configuration classes.

e Optimizing few parameters also makes it feasible to fit and evaluate the model on the entire T/DT
dataset, which eliminates the need for the train/validation split required in the fine-tuning approach.
This is particularly beneficial for the relatively small T/DT set, as it prevents results from being
affected by the variability introduced through train/validation splits.

We do however also acknowledge that preserving the relationship between the outputs (#¢ ped> Te,ped)
and the inputs (Ip, #e sep> 0> I's Pior) learned during training on the D data may have drawbacks. In par-
ticular, such a model would be unable to capture genuine changes in parameter interactions that arise
when the plasma becomes more T dominated. For instance, in [1] and [18], it is observed that isotope
composition impacts how much the gas fueling affects the pedestal, which is a parameter interaction a
simple output calibration cannot capture in detail. Moreover, pedestal stability analysis performed in [2]
suggests that the isotope impact gets stronger with increased resistivity. Hence, the purpose of a simple
output calibration is to approximate the average impact of isotope composition rather than capturing all
of the more intricate interactions.

The simple output calibration can be done in several ways, as exemplified by equation (1) and
equation (2). The choice ultimately depends on the desired properties and the accuracy of the model.
One of the properties we may introduce is sensitivity to the effective mass A.g. For instance, taking
inspiration from power scalings commonly used in the field of fusion research [16, 24-26], an alterna-
tive 1s

T/DT _ D

Mo ped = Me,ped * COA;f’ (3)
where we have omitted the notation that nered depends on the other inputs to improve readability.

/DT

Another property that can be introduced is the enforcement neT ped

achieved by modifying equation (3)

— n?ped as Aqg — 2. This can be

/DT A\ €
T/D D e
Meped = Meped (2) . @

In table 1, we display the accuracy of the different simple calibration techniques applied to the dif-
ferent pre-trained models. We use the coefficient of determination R? to evaluate our models, where
R? = 1 represents a perfect model, R? = 0 represents a model with the same predictive capacity as a
model that simply predicts the mean of the dataset, and where R* < 0 represents a model that is worse
than a model that predicts the mean of the dataset. The main takeaways are:

e There is always an improvement compared to not calibrating the output.

e The models that have 7. s, as an input performs significantly better.
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e Enforcing the properties that the calibration should be A.¢-dependent, and y* — y° as A — 2
(equation (4)), appears to not degrade performance (except for Model 4, but no alternative works
well for Model 4).

o All models except Model 1 shows a significantly lower accuracy compared to when the models were
originally evaluated on the D data.

It is not surprising that the models that have n. s, as an input performs better when going from D to
T plasmas, since 7. g itself has previously been observed to depend on the isotope composition [2]. In
other words, to an extent the change in isotope composition is embedded in n s, Which leads to the
models performing fairly well as long as they already are capable of mapping nc i, (together with the
other inputs) to 71 peq and Te ped.

Another unsurprising result is that Model 4 has the lowest overall accuracy, as it was also the least
accurate pre-trained model when originally evaluated on the D data [12]. It appears that T ,cq is harder
to predict accurately from machine parameters when 7., is excluded, which is only amplified when
considering T plasmas, so much so that simply predicting the mean T ,eq in the T/DT dataset would
yield an equally good result. We revisited the fine-tuning alternative to see if there was any way to
improve the accuracy of Model 4, but we found no solution that surpassed R*> = 0.15 while not show-
ing signs of severe overfitting.

The fact that all models except Model 1 shows a lower performance on the T data compared to D
data, even with the calibration, suggest that the parameter interactions learned from the D data likely
change to some extent when the plasma becomes more tritium dominated. However, due to the restric-
tions imposed by the T/DT data, we are unable to make confident conclusions about the details of these
hypothetical changes.

Out of the different calibration methods, the alternative that best aligns with our objective is the one
based on equation (4). Specifically, this approach allows us to enforce y' — yP as A — 2 without sac-
rificing accuracy significantly. Additionally, this approach allows for a A.g-dependency in the calibration,
which is a property we desire in order to capture variations in the DT-mix range. With the fitted coeffi-
cients explicitly given, the output calibrated models based on equation (4) are:

T/ T A " 0.30£0.16
D D e
M ped = Meped (Meseps I, ) - < 2 ) (5)
/ A " 0.4140.16
T/DT
ne,ped = ngped (IP757 Ptotvr) . <23> (6)
T/DT A " —0.18+0.15
D
Te,i}ed = T?,ped (ne,sep7IP7Ptot> : ( 2e ) . (7)

Here (and in the rest of the paper), the uncertainty in the coefficients are obtained by measuring how
sensitive the accuracy (R?) is to the coefficients. Specifically, we sweep the coefficients and use a toler-
ance of AR? =0.02 to estimate the uncertainty band (in other words, the numbers do not represent
actual uncertainty but rather estimates based on sensitivity). With a less strict tolerance, larger uncer-
tainty band estimates would have been obtained.

Note that we are not presenting the result for Model 4 due to its low associated accuracy, which
makes it unreliable for analysis purposes and usage. (see table 1). However, the other model predict-
ing T pea (Model 3) shows a modest negative correlation with effective mass A, consistent with previ-
ous research suggesting a slight negative [2] or even negligible [20] dependency between T¢ peq and Aeg.
Furthermore, both models that predict 7, peq indicate a more distinct positive scaling with increased A,
which is also consistent with previous research [1, 2, 18, 20, 27]. The 1 p.q model that includes 7, sp
as an input (equation (5)) shows a weaker dependence compared to its counterpart, which is expected
since, as previously discussed, the impact of the isotope is likely already partially embedded in #1¢ sep.

Figure 6 shows the predictions of the NeuralBranch models (Model 1-3) on the T/DT subset in more
detail. Specifically, the ratio of the predictions (before calibration) to the actual experimental values are
shown, along with the multiplicative calibration factors in (5)—(7). As illustrated, the spread of the ratio
(which is closely related to relative error) is noticeably larger than the systematic shift captured by the
calibrations. In other words, the impact of At found by the calibrations is relatively small in compari-
son to other compounding factors that cause predictions to deviate from the experimental values. This

9



10P Publishing

Plasma Phys. Control. Fusion 68 (2026) 065007 A Gillgren et al

=

~

w
=
~
(%)}

-== (Aerr/2)°3°

=
(6]
o
=
U
o

=
N
(S,
ae
=
N
(5]
@

=
o
o
=
o
o
|
1
\
\
1
1
1
®q

e

©
g
u
e
g
a

Ne ped, pred / Ne ped, exp
Ne, ped, pred | Ne, ped, exp
1
1
1
i

o

(6]
o
o
ul
o

2.00 2.25 2.50 2.75 3.00 W72.00 2.25 2.50 2.75 3.00
Aerr Aerr

(a) Model 1. (b) Model 2.

= =
N Ey
|
|
1
>
[}
X
N
o
=
)
o

o
©

o
o

Te, ped, pred / Te, ped, exp
=
o

1
1
|
I
1
|
1
1
1
S

200 225 250 275 3.00
Aefr

(¢) Model 3.

Figure 6. The points represent the ratio of the predictions made by the NeuralBranch models (before calibration) to the actual
experimental pedestal values in the T/DT data. The dashed lines represent the calibration scalings (multiplicative factors in (5)—
(7)) employed to remove the systematic bias (the average deviation of this ratio from unity) as the effective mass A.g increases.

result justifies the use of simple and robust approaches for the A.g-calibration, since more complex alter-
natives like neural networks would not only offer marginal accuracy gains, but would also introduce sig-
nificant instability. Specifically, the calibration would become highly sensitive to the stochasticity of val-
idation splits, increasing the risk of the model overfitting to coincidental correlations or noise in sparse
regions of the A.¢ parameter space. A simpler approach ensures the calibration remains consistent and
less prone to such variances.

4.3. Alternative 3: output calibration on power scalings

The hypothesis and indication of changed parameter interactions when transitioning from D to T, as
discussed in the previous section, raises another question. If the more complicated parameter depen-
dencies and interactions learned from the D data are less accurate or relevant for the T data, can we
still justify using a more complex base model trained on the D data like NeuralBranch over a simpler
model such as a power scaling? To answer this question, we try a third approach, which is to use power
scalings trained on D data that were presented together with the NeuralBranch models in [12], together
with the same output calibration that we found in the previous section, namely the calibration based on
equation (4). This gives us the models:

A 0-37£0.16
Mepes = 37U G I 5% (;ff) (8)
A 0465016
n;f’{)lng = 10.59111550-68 p_0-260.11 ( 2eff> 9)
A\ 030015
TR =0t (4 (o)
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where these achieve the R*-values: 0.87, 0.66, 0.49 respectively, whereas Model 4 still achieve an accu-
racy too low (R? < 0) to be presented here. In these power scalings, only the exponents of the effective
mass A are estimated by minimizing the mean squared error on the T/DT data, while the remaining
exponents are taken directly from [12] (power scalings trained on D data). We avoid fitting all exponents
directly to the T/DT data because, although the limited dataset size alone might still allow for such a fit,
the strong multicollinearities among the inputs would lead to severe variance inflation in the coefficient
estimates. This is confirmed by analyzing the variance inflation factor (VIF) value for the inputs, which
is an estimate of how predictable an input is from the others. Specifically,

1

VIF; = ——
"1-R

(11)

where R? is the coefficient of determination of predicting an input i from the other inputs using a linear
regression model. High multicollinearity leads to high R* values, which in turn lead to high VIF values.
By fitting directly on the T/DT data, we obtain VIF values exceeding 10 for four of the five inputs (up
to 57 for Ip), indicating severe multicollinearity. This ill-conditioning of the problem would make the
exponents statistically unstable and unreliable, and therefore not suitable for usage once the model is
fitted.

By comparing the R? values of the power scalings with output calibration (equations (8)—(10)) with
the ones from the NeuralBranch models with output calibration, see table 1, we see that the only power
scaling that matches the accuracy of the NeuralBranch model is the first case (equation (8)). This is
likely because Model 1, the NeuralBranch model for #e peq(#e,sep,Ip,9), is the one that shows the least
complicated interactions in [12], which makes it the most similar to a power scaling. However, the two
remaining power scalings (equations (9) and (10)) do not achieve the same accuracy as the correspond-
ing NeuralBranch models. This suggests that, although the more complicated parameter interactions and
dependencies learned for D plasmas are likely altered by the increased tritium content, they remain at
least partially relevant.

5. Fitting on hydrogen data results in misleading A.¢ dependencies

We demonstrate here how utilizing the H data for calibration can yield non-physical isotope dependen-
cies, likely stemming from the restricted parameter space (see figure 2) and inherent systematic biases in
the H-mode discharges.

Applying the output calibration method to Model 3, but now for the H data instead of the T/DT
data, yields

0.16+0.07
A
e“) : (12)

H _ 7D
Te,ped - Te,ped (”e,sepalpaptot) : <2

which shows a positive dependency with respect to A, contradicting the negative dependency obtained
when calibrating on the T/DT data (equation (7)). There is no established physical mechanism suggest-
ing that pedestal temperatures should peak specifically for deuterium, and previous studies [2, 20] do
not support that T¢ p.q increases with increased A.q when the other parameters are held constant.

Crucially, it must be acknowledged that the A.¢ exponents in both the H (12) and T/DT (7) cali-
brations are weak (partly due to 7. s incorporating the effect of A to an extent). Given the limited
size of both the H and T/DT datasets, we cannot exclude the possibility that the observed variations in
these expressions are a consequence of statistical instability (small datasets can produce exponents that
are highly sensitive to the specific samples included).

However, other power scalings in the literature [16] fit on the JET H-mode hydrogen data also show
a similar positive dependency between T yeq and A that seem to contradict other research [2, 20].
Hence, we argue that these results (ours and the ones in [16]) possibly reflect the specific constraints
of the H-mode domain in hydrogen rather than a pure isotope effect. The systematic overpredictions
of Teped on the H data could be due to, for instance, the majority of H samples being associated with
a C/C divertor strike point configuration, bias towards low #. s, and low Ip, or narrow ranges in other
parameters that speculatively may have a weaker or stronger impact on H pedestals compared to their
impact on D pedestals (that simple calibrations cannot fully capture).

Because these confounding factors cannot be statistically decoupled in the hydrogen subset due to the
lack of data diversity, we conclude that we cannot justify using the H data for reliable model calibration
(which also applies for # .q). Furthermore, this limitation is intrinsic to the available data distribution
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Figure 7. Distributions of By in the D, T/DT, and H subsets used in this paper.

and cannot be bypassed through, for instance, changing the combination of inputs, as the background
biases will still be present.

We can however investigate how well the models calibrated on the T/DT data extrapolate to the H
data. The model that predicts T¢ peq With 71 s, as an input (equation (7)), yields R?> < 0 on the H data.
Even the corresponding calibration based on the biased H data (12) yields a low score (R* = 0.43). The
models predicting 71 peq (equations (5) and (6)) yield R? =0.49 (with flesep) and R? =0.51 (with I and
Py instead of . o) on the H data. In summary, we conclude that the models calibrated on the T/DT
data do not extrapolate particularly well to the H data. This is likely both due to how the true relation-
ships change when going from H to T, beyond what a simple calibration can capture, but also possibly
due to the evaluation being done on a narrowly distributed dataset with intrinsic biases.

6. Replacing Py, with 3y as an input

Pedestal prediction models that rely solely on machine parameters known prior to experiments offer
practical advantages for operational planning. However, for integrated modeling applications, incorpo-
rating plasma parameters as inputs can facilitate coupling between the pedestal and the plasma core. We
therefore present alternative models that replace the total heating power Py, with the global plasma Sy
as an input parameter. Among the input parameters, Py is the logical choice for replacement since Sy
reflects the plasma pressure achieved in response to heating. Moreover, Sy is known to impact pedestal
stability via the Shafranov shift [28], and it serves as a core-edge coupling variable in established inte-
grated modeling frameworks. As an example, the first-principles pedestal model EPED [7-9], used in
the OMFIT integrated modeling framework [29], takes Sy as an input rather than heating power. This
enables iterative core-pedestal calculations where the core transport codes provide Sy to the pedestal
model, which in turn returns boundary conditions back to the core until convergence to self-consistent
solutions is reached. The reason for excluding Py, as opposed to keeping both Py and [y as inputs, is
that we find that they provide redundant information. Specifically, when Py is included, S8y does not
improve prediction accuracy, which means that the models may learn to ignore Sy, which in turn would
defeat the purpose of its inclusion.

Before creating models that include Sy as an input, we first check the distribution of Sy in the
dataset. As can be seen in figure 7, the distributions of Sy overlap between the D and T/DT subsets
(and also the H data). Hence, we can be more confident that when we apply transfer learning from
D to T/DT plasmas, we are not entangling the impact of isotope mass with the effect of changing .
Moreover, while there is some multicollinearity between Sy and the other inputs, we observe no linear
correlation scores surpassing the highest ones (in magnitude) between the other inputs reported in [12]
(the most significant being —0.59 between Sy and #1¢ sep).

When pre-training NeuralBranch models and power scalings on D data, we find that Sy does not
contribute to accuracy when predicting 71 peq (even when Py is removed). Hence, there is no point
in training 71 peq models that include By, because such models will have no incentive to learn mean-
ingful relationships for By. However, when training models to predict Tt peq, we find that By is able
to compensate for the removal of Py. Specifically, in the case where 7. is included, the same accu-
racy is achieved when [y replaces P,y (R*> = 0.82). In the case where flesep 18 DOt included as an input,
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replacing Py with By yields a slight improvement (R?: 0.66 — 0.70). Moreover, when By replaces Py,
we observe approximately the same accuracy when using simple power scalings and more complicated
machine learning models. This suggests that the more complicated input parameter interactions found
in [12] that involve Py, are no longer present when [y is included instead (in [12], more complicated
models were needed to capture these interactions). Hence, now when Sy is included, there is no motiva-
tion to use a more complicated model compared to the simple power scaling approach. Note that so far,
these results only concern pre-training on the D data.

To obtain models that incorporate isotope scaling, we first fit power scaling expressions for all inputs
except the effective mass A on the D data. We then fit the coefficient for A.g on the T/DT data. This
yields the results

1/D1 Aug —0.37+0.14
D —0.39£0. 0.6340.18 71.1340.21
Ty hed = (0290.07) ng 1By Iy : (2) (13)
T/DT Aff —0.5440.15
D 0.8140.16 70.98£0.23 —0.2040.1077—0.0740.0: e
Tehea = (0.17£0.05) B I ) 101 —0.07:£0.04 | (2) (14)

where (13) achieves R*> = 0.80 on the D data (0.69 on T/DT data), and where (14) achieves R* = 0.69
on the D data (0.51 on T/DT data). In other words, when Sy replaces Py, we obtain models that show
some predictive capability of T¢ yeq for T/DT plasmas, even when 1 s, is excluded as an input (when
using Py, We never surpass R = 0.15 when fesep 18 excluded). For completeness, we additionally find
that both (13) and (14) extrapolate poorly to the H data (R* = 0.26 when He sep 18 included, and R =
0.05 when #, ¢ is excluded).

By analyzing the coefficients in (13) and (14), we observe that T ,.q scales positively with Sy.
Moreover, we observe that Tt ,.q scales negatively with increased effective mass Ay, similarly to when
Pyt 1s included. The other inputs show similar dependencies compared to the models where Py is
included.

7. Conclusions

The scope of this work was to explore transfer learning approaches for scaling data-driven pedestal mod-
els originally trained on experimental JET D data to JET T/DT data. Beyond the specific goal of extend-
ing the applicability of an already existing pedestal model [12], the goal was also to demonstrate how
interpretability can be leveraged to reveal the qualitative change in model behavior post fine-tuning.

The interpretability aspect of the models revealed that multicollinearity clusters in the relatively small
T/DT dataset caused overfitting when fine-tuning the weights of neural network-based models (which
would not have been obvious by just analyzing validation set accuracy alone). Therefore, the fine-tuning
of weights approach was deemed inappropriate for our problem, which also likely applies to other prob-
lems beyond that of the pedestal where JET T/DT data is used to adjust models.

As an alternative approach, we used a more robust and simple output calibration technique inspired
by power scalings to incorporate the impact of isotope scaling. This resulted in moderate to good accu-
racy on the T/DT data (R* in the range 0.66-0.87), with the exception of the model predicting T ped
without 7. ¢, as an input (R* < 0). The isotope scaling coefficients obtained indicate positive correlation
between pedestal density 7. p.q and isotope mass Afr, and weak negative correlation between pedestal
temperature T peq and A, which is consistent with previous research [1, 2, 18, 20, 27]. Moreover, our
conclusion is that the simple output calibration technique captures a decent approximation of the aver-
age isotope impact on the pedestal, but not the full picture, which is supported by the more intricate
parameter interaction changes with changed isotope composition reported in [1, 2, 18], and the fact that
the pre-trained models are more accurate on the D data.

In addition to scaling with respect to T/DT data, we demonstrated why scaling with respect to the H
data is problematic. Specifically, the hydrogen H-mode domain is more narrowly accessible at JET com-
pared the D and T/DT cases, which leads to a narrow data domain that contains biases. Hence, when
scaling with respect to the H data, we cannot disentangle the effects of the characteristics of the narrow
H-mode domain and the isotope composition. As shown, this can lead to isotope dependencies that con-
tradict previous research.

Finally, we created alternative models for T, ,.q where the input power P was replaced with Sy as
an input. The purpose of this replacement was to facilitate core-edge coupling for when the models are
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implemented in simulation frameworks in the future. Qualitatively similar results were obtained com-
pared to when Py, is used as an input. A benefit of using By as an input is that the T¢ ,.q model that
does not include 7 s as an input gains moderate predictive power (R* <0 — R? =0.51).

Aside from implementation of models in simulation frameworks, future work includes analysis of
how the pedestal empirically depends on the isotope composition on large scale datasets (not just a few
pulses) at other machines. Future work also includes qualitative comparisons between predictions from
theory-based frameworks and models trained on experimental data, with the purpose of highlighting
discrepancies.

In summary, this work demonstrates the importance of interpretable models for understanding
model behavior in transfer learning tasks, which in our case guided us to use a more simple scaling
strategy. Given that sparse data with multicollinearities are encountered in magnetic confinement fusion
research, this approach may be important for other tasks within the field beyond pedestal studies.
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