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Abstract

Model-based plasma scenario development lies at the heart of the design and operation of future fusion powerplants.
Including gyrokinetic turbulence in integrated models is essential for delivering a successful roadmap towards operation of
ITER and the design of DEMO-class devices. Given the highly iterative nature of integrated models, fast machine-learning-
based surrogates of gyrokinetic turbulence are fundamental to fulfil the pressing need for faster simulations opening up pulse
design, optimization, and flight simulator applications. A significant bottleneck is the generation of suitably large training
datasets covering a large volume in parameter space, which can be prohibitively expensive to obtain for higher fidelity codes.

In this work, we propose ADEPT (Active Deep Ensembles for Plasma Turbulence), a physics-informed, two-stage Active
Learning strategy to ease this challenge. Active Learning queries a given model by means of an acquisition function that
identifies regions where additional data would improve the surrogate. We provide a benchmark study using available data
from the literature for the QuaLiKiz quasilinear model. We demonstrate quantitatively that the physics-informed nature of the
workflow proposed reduces the need to perform simulations in stable regions of the parameter space, resulting in significantly
improved data efficiency compared to non-physics informed approaches which consider a regression problem over the whole
domain. We show an up to a factor of 20 reduction in training dataset size needed to achieve the same performance as random
sampling. We then validate the surrogate on multichannel integrated modelling of ITG-dominated JET scenarios.



IAEA-CN-2085

1. INTRODUCTION

Turbulent transport is the dominant transport mechanism in Tomamak plasmas and its presence is a major road-
block to achieving fusion power [1]. It is thus crucial to forecast expected turbulent fluxes in the operating param-
eter space of a given device. To this end, gyrokinetic models constitute a fundamental tool towards the delivery of
ITER, DEMO-class reactors and beyond. However, the computational cost associated to integrating gyrokinetic
models in highly iterative applications such as multichannel integrated models (e.g., JINTRAC, [2]) requires the
delivery of fast and accurate surrogates. Feed-forward neural network (NN) surrogate models of the quasi-linear
gyrokinetic models QuaLiKiz [3, 4, 5] and TGLF [6, 7, 8], have shown a factor 104 prediction speedup thus
enabling real-time capable profile prediction [9], discharge optimisation studies [10] and integrated core-pedestal
transport models [8, 11] at a fraction of the computational cost.

Due to the cost associated to retrieving large simulation databases to be adopted as training sets for these
neural networks, previous works have focused on spanning a small volume in the input space. This restricts some
of the current applications to small dimensionality and narrow range in parameter space [12, 13], or medium
dimensionality [5], also sometimes based on experiments [8, 14]. Moreover, by the nature of the critical threshold
characteristic of Tokamak turbulence, not all plasma states result in unstable modes. In previous work [5, 14],
the consistency of the surrogate with the critical threshold behaviour was enforced by means of a physics-based
loss function that encouraged a controlled extrapolation to negative values where the true output fluxes were null.
Negative predictions would then be clipped to zero at inference time. Although effective, this strategy lacked in
efficiency as it resulted in a large fraction of the computational budget being spent to obtain stable modes (roughly
40% in [14] across all the electrostatic modes resolved). Instead, we hypothesise that the boundary manifold
between stable and unstable inputs may be learned more efficiently using a separate surrogate model.

This study proposes to build NN surrogate models of gyrokinetic turbulence by leveraging Active Learning
([15]) methods. Active Learning is a sequential sampling strategy that queries an expensive black box function
(in our case a gyrokinetic model) by means of an acquisition function that identifies regions where additional data
would improve the NN performance. We develop ADEPT (Active Deep Ensembles for Plasma Turbulence), a
two-stage AL framework where a surrogate of the critical gradient threshold determines whether a given input
will result in growing modes, and a regressor predicts the output turbulent transport fluxes. We focus on an
acquisition function that queries inputs for which the output uncertainty of the NN is highest, thus maximising
informativeness [16]. Deep Ensembles [17], which provide state-of-the-art uncertainty quantification capabilities
for NNs, are adopted as the surrogate model.

We provide a demonstration of the ADEPT pipeline using an existing large database of QuaLiKiz simulations
obtained from JET inputs [14]. For this proof-of-concept work we focus on ITG turbulence only. As the input-
output mappings are already available in the dataset, we can easily test the performance of the two-stage workflow.

The paper outline is as follows. We describe the dataset in Section 2, we introduce the ADEPT methodology
in Section 3.1 and we outline the integrated modelling framework in Section 4. In Section 5 we give the first
main result of the paper. In Section ?? we validate the surrogate on integrated modelling of ITG-dominated JET
scenarios. Finally, in Section 7 we discuss the results obtained, identify remaining issues and propose potential
solutions to be explored in future work.

2. DATA

We use the existing JET-Exp-15D dataset devised in [14, 18]. The dataset is built upon 2135 JET discharges
including a variety of plasma scenarios, augmented taking into account measurement uncertainties for the pa-
rameters that turbulence is most sensitive to. The output encompasses the multiple channels of transport of ITG,
ETG and TEM turbulence obtained from QuaLiKiz. The raw dataset produced from all the available inputs was
subjected to consistency checks to either enforce physical consistency within the data or discard abnormally large
heat fluxes and abnormally small particle fluxes; see Table 6 of [14] for more details.

In the remainder of this work the focus will be on ITG turbulence for which only less than 25% of inputs in the
JET-Exp-15D dataset develop turbulent transport. The transport fluxes considered (in GyroBohm units, cfr. Table
3 of [14]) are the heat flux of ions, qi,ITG, the heat flux of electrons qe,ITG, the momentum flux of ions, Πi,ITG,
the particle flux of electrons, Γe,ITG, and the particle flux of ions Γi,ITG.

3. DATA-EFFICIENT SURROGATE MODELS

3.1. Active Learning

Active Learning (AL, e.g., [15] for a review) is a sampling strategy that aims at reducing the amount of training
data needed to obtain a performing surrogate. An AL system comprises three components: a learner, an oracle
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FIG. 1. Schematic diagram of the two-stage physics-informed AL workflow used in this work. Given a data pool
for which only inputs are available, a classifier evaluates the likelihood of a given input in the pool resulting in
unstable modes. The acquisition function is evaluated on the unstable inputs, and a batch of the most uncertain
ones are selected to be run through the gyrokinetic model. The newly obtained input-output mappings are used to
train both NNs. This strategy is repeated until the computational budget has exhausted or the performance of the
surrogates is deemed actionable.

and a query strategy. The learner is a ML algorithm that improves its performance as more data is collected from
the oracle according to the query strategy. The oracle is a costly data acquisition system that provides the training
data for the learner.

The sequential strategy proposed in [16] queries the inputs for which the surrogate model’s predictive uncer-
tainty is largest,

xquery = arg max
x∈U

σ2(x;Dtrain,t), (1)

Dtrain,t+1 = xquery ∪Dtrain,t (2)

where σ(x;Dtrain,t) is the output uncertainty of a learner trained on a dataset Dtrain,t, t is the current iteration
and U is a pool of inputs (e.g., the plasma states) for which the outputs (e.g., the turbulent fluxes) are not available.
As indicated in the expression above, the dataset at the next iteration is enriched with data obtained from the query.
Here, we adopt Batch Mode AL (e.g., [19]), which consists in performing the acquisition for the M inputs that
rank highest in the model uncertainty. Batch Mode AL is more suitable for NNs, as retraining a NN with just one
new sample is impractical.

3.2. Physics-informed Active Learning for gyrokinetic models with ADEPT

Below we propose ADEPT (Active Deep Ensembles for Plasma Turbulence)1 a two-stage, physics-informed active
learning strategy that delivers a significant reduction in the volume of data required to train performing surrogates.
Contrary to previous work [plascche2020, 14], we adopt a separate NN that classifies whether an input is in a
stable or unstable region. This setup preserves the physics-informed nature of the framework proposed by [5],
but it splits the burden of identifying the critical gradients and regressing to turbulent fluxes between two highly
specialised NNs. Given a data pool U of inputs, a NN classifier and a NN regressor are pretrained on a small
(20,000 points) random sample of data for which the input-output mapping is available. Hereafter, for each
iteration, the networks and the labelled dataset are updated following the strategy shown in Figure 1:

• The classifier is tasked with screening a sample of candidate points in the data pool U . This is the physics-
informed stage of the workflow.

• The acquisition function in eq. 1 uses the regressor’s uncertainty (in our case, the epistemic uncertainty in
eq. 7) to select a batch of size acquisition batch candidates.

• The outputs for the input candidates selected are queried from the model of choice (QuaLiKiz in the case of
this paper);

1We adopt the PyTorch library.,

3
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• The newly available input-output mappings are appended to the training data.

• Both the regressor and the classifier NNs are trained again.

The loop above is repeated until the computational budget has exhausted, or the surrogates have reached the
desired performance.

As gyrokinetic turbulence involves multichannel transport, it is necessary to maximise the information gain
for all the fluxes, and therefore the acquisition function in eq. 1 becomes

xquery = arg max
x∈U

Nfluxes∑
k=1

σ2
k(x;Dtrain,t). (3)

3.3. Surrogate uncertainty via Deep Ensembles and its uses within integrated modelling

It has long been established that NN models give overconfident predictions that are factually wrong (e.g., [20]).
Equipping NNs with a notion of uncertainty in their own predictions has since become a mainstream line of
research producing a rich literature [21].

Deep Ensembles [17] are the state of the art in uncertainty quantification methods for NNs. They model the
target distribution as a uniformly weighted mixture model and optimise its negative log-likelihood:

NLL = − 1

M

M∑
k=1

log pθk(y|x) (4)

where pθk it the k−th NN parametrised by a set of parameters θ.
For classification, the objective is the usual binary cross-entropy loss. For regression problems, the Gaussian

negative log-likelihood is adopted,

− log pθ(y|x) =
log σ2

θ(x)

2
+

(
y − µθ(x)

)2
2σ2

θ(x)
+ const. (5)

A NN with two output neurons trained with the objective above will explicitly learn the mean µθ(x) and variance
σ2
θ(x).

The mean and variance of the deep ensemble as a whole are:

µE =
1

M

M∑
k=1

µθk (6)

σ2
Ensemble =

1

M

N∑
k=1

σ2
θk︸ ︷︷ ︸

aleatoric

+
( 1

M

M∑
k=1

µ2
θk

)
− µ2

E .︸ ︷︷ ︸
epistemic

(7)

The first contribution on the right hand side of the expression for the variance is the average variance between
all members. The second contribution is the variance of the means of the ensemble, as shown in the last two terms
on the right hand side of eq. 7. The two contributions are sometimes interpreted as the the epistemic uncertainty
(i.e. the uncertainty of the model) and the aleatoric uncertainty (i.e. the irreducible noise in the data), e.g. [22]. The
epistemic uncertainty is the natural choice to use in the acquisition function, as we seek to improve the inherent
accuracy of the model regardless of data noise [23].

Uncertainty quantification capabilities are also a natural feature of the classifier NN. The confidence of the
classifier can be defined as its output probability of a point being unstable. Probabilities close to a value of 0.5
inform downstream applications that performing a run of the original QuaLiKiz model is recommended.

3.4. Details of the training procedure

We borrow from [5] the idea of fitting NN surrogate models to the “leading flux“ of a given turbulence type and
the flux ratio between the leading flux and the secondary fluxes.

We train a suite of deep ensembles, each regressing to one turbulent flux, and one deep ensemble classifier for
the stability boundary. We adopt 5 ensembles per model, each consisting of 8 layers with 512 parameters each and
ReLU activation functions. Each model is trained for 200 epochs with 30 epochs of patience, a weight decay of
λ=10−4 and a batch size of 512. For the regressor we adopt the NLL loss eq. 5 and for the classifier the binary
crossentropy loss. Each acquisition batch consists of 512 training samples, doubling every 30 acquisitions
due to the costs associated with retraining NNs on large datasets.
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4. INTEGRATED MODELLING

The JINTRAC integrated modelling suite [2] was chosen for this study both due its history of integration with
QLKNN [14, 5] and its relevance for ITER scenarios [24]. The JINTRAC integrated model test cases and settings
used in this study were taken from those used to validate QLKNN-jetexp [14], specifically selecting:

• the H-mode carbon wall discharge (JET#73342) [4];

• and the H-mode beryllium wall discharge (JET#92436) [18].

A summary of the major JINTRAC settings used for these test cases are provided in Table 7 of [14]. In the follow-
ing Sections we will compare the results of adopting either ADEPT, QLKNN-jetexp and the original QuaLiKiz
within JINTRAC. Specifically, the critical gradient threshold in ADEPT will be estimated using the trained clas-
sifier, while it is estimated according to the methodology summarised in the Introduction for the QLKNN-jetexp
surrogates.

ADEPT generates surrogate models that inherently include a measure of uncertainty. This characteristic can be
leveraged in integrated modeling to evaluate the level of confidence that should be placed in the surrogate model’s
predictions, and perform a QuaLiKiz run whenever the uncertainty of surrogate is not considered acceptable. An
in-depth study of the impact of the precise acceptance threshold on the integrated modelling results is outside the
scope of this work.
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FIG. 2. Active Learning vs random sampling performance. We use the R2 for the deep ensembles regressing to
the electron heat flux and the flux ratios involving the ion heat flux and the ion momentum flux. The F1 score for
the stability boundary classifier is also shown. The shaded areas represent the standard deviation of 5 runs with
different random seed. Active Learning improves data efficiency by at least factor of 2 (and up to a factor of 20)
compared random sampling.

5. RESULTS: CHEAPER TRAINING SETS WITH ACTIVE LEARNING

We evaluate the surrogates in terms of the R2 score for the regressors and the F1 score for the classifier.
Figure 2 shows the performance of ADEPT on ITG turbulence compared to random selection as a function

of number of training samples collected. It can be seen that ADEPT provides up a factor of 20 data reduction
compared to random sampling. An important contribution to this success is the inclusion of the classifier stage,
which allows for a more data-efficient learning of the manifold where unstable turbulent fluxes develop.

5
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TABLE 1. THE PERFORMANCE OF ADEPT TRAINED WITH UP TO 200,000 SAMPLES COMPARED TO
THE NNS PRESENTED IN [14], IN TERMS OF R2 SCORE FOR THE FLUXES.

qi,ITG qe,ITG/qi,ITG Γi,ITG/qi,ITG Γe,ITG/qi,ITG Πi,ITG/qi,ITG

F1
ADEPT 0.9585 0.9366 0.9174 0.9554 0.9108
0.9504

[14] 0.951776 0.950541 0.698693 0.526750 0.914011
0.7791
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FIG. 3. Comparison of the steady-state profiles from the simulation of JET#73342.

A performance comparison on a test set between ADEPT and the surrogates presented in [14] is given in
Tables 1 and ??. Although the surrogates in Ref. [14] do not explicitly employ a separate classifier NN to model
the critical gradient, they achieve a comparable effect by zeroing out all fluxes when the leading flux is predicted
to be negative. Therefore, we can evaluate the F1 performance of these surrogates, as they effectively exhibit
classifier-like behavior in this context. It can be seen that the performance of ADEPT in terms of the F1 score
is comparable or superior to that of the NNs in Ref. [14], albeit with two orders of magnitude fewer data. In
particular, a high classifier performance in the case of ADEPT is crucial in ensuring that sampling does not occur
deep in the stable regions. As a proof, we have computed that the contribution of stable inputs to the training
set of the classifier is 75% in the random sampling case (and, indeed, the case of Ref. [14]), while this drops
to around 20% in the case of ADEPT. The surrogates of [14], instead, feature a poor Precision, showing a high
number of non-zero flux predictions in the stable region. The latter surrogates, however, achieve a better Recall.
ADEPT would need more data to reach the same kind of performance. The classifier is not currently included in
the acquisition function explicitly, which instead will be crucial to improve its data efficiency compared to random
sampling. This feature will be explored in future work.

6. VALIDATION ON ITG-DOMINATED JET DISCHARGES

Figures 3 and 4 show the steady state profiles obtained by adopting ADEPT, the original QLKNN-jetexp surrogates
of Ref. [14] and the original QuaLiKiz model. The experimental data is shown here for reference, however the
purpose of this test is to verify whether the surrogate models are able to reproduce the behaviour of QuaLiKiz
within JINTRAC. Table 2 provides the profile-averaged relative RMS (RRMS) for these JINTRAC runs using
their respective networks, with the QLKNN-jetexp reference given inside the square brackets. The RRMS is
computed as:

RRMS =

√√√√ 1

N

∑
i

(
YNN,i − YQLK,i

)2
Y 2
QLK,i

(8)
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FIG. 4. Comparison of the steady-state profiles from the simulation of JET#92436.
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TABLE 2. SUMMARY TABLE OF THE JINTRAC PREDICTED PROFILE RRMS WITHIN THE QUALIKIZ
EVALUATION REGION. THE VALUES ARE GIVEN FOR THE QLKNN-ADEPT SIMULATION, WITH
THE REFERENCE QLKNN-JETEXP SIMULATION PROVIDED WITHIN THE SQUARE BRACKETS.

JET#73342 JET#92436
Te RRMS 1.1% [4.1%] 8.0% [8.8%]
Ti RRMS 1.7% [3.3%] 9.1% [7.3%]
ne RRMS 7.7% [7.7%] 2.7% [0.7%]
Ωtor RRMS – [–] 4.0% [3.0%]

where the sum is over the number of radial points, and YNN,i and YQLK,i indicate the profiles computed using the
NN prediction and QLK respectively.

Both the surrogate models considered achieve a match with QuaLiKiz that is better than 10%. This suggests
that surrogate models can effectively replace the original transport model as a drop-in replacement for obtaining
steady-state profiles.

7. SUMMARY AND CONCLUSIONS

We presented ADEPT (Active Deep Ensembles for Plasma Turbulence), a two-stage physics-informed Active
Learning framework for data-efficient surrogate models of gyrokinetic turbulence. ADEPT consists of a classifier
NN that learns the boundary manifold between regions that are stable and unstable under linear gyrokinetic tur-
bulence, thus simultaneously providing a model for the critical gradient and limiting the search space of a second
surrogate regressing to the turbulent transport fluxes. Using an existing large dataset of QuaLiKiz simulations
based on experimental JET discharges [18, 14], we have demonstrated a sizeable reduction in the size of the train-
ing dataset needed to obtain surrogates with integrated performance metrics comparable to surrogates trained by
sampling at random. The reduction factor can be up to a factor of 10 or more, and it is due to both the adoption
of Active Learning and the physics-informed nature of ADEPT, which alone results in increased data efficiency,
as only a minority of the QuaLiKiz runs would have been performed deep into the stable regions of the parameter
space, thus limiting the need to run costly and uninformative simulations. We also showed quantitative agreement
with QuaLiKiz and previous surrogates in integrated modelling applications to two very different JET discharges.
Finally, we identify the classifier stage of ADEPT as relevant for any other model where restricting the parameter
space to a certain region with desirable properties is useful, such as the case of building surrogate models of codes
modelling magnetohydronynamic instabilities [25].
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