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Abstract

Grid decarbonization for climate change requires dispatchable carbon-free energy
like nuclear fusion. The tokamak concept offers a promising path for fusion, but
one of the foremost challenges in implementation is the occurrence of energetic
plasma disruptions. In this study, we delve into Machine Learning approaches to
predict plasma state outcomes. Our contributions are twofold: (1) We present a
novel application of Continuous Convolutional Neural Networks for disruption
prediction and (2) We examine the advantages and disadvantages of continuous
models over discrete models for disruption prediction by comparing our model
with the previous, discrete state of the art, and show that continuous models offer
significantly better performance (Area Under the Receiver Operating Characteristic
Curve = 0.974 v.s. 0.799) with fewer parameters.

1 Introduction

Effectively combating climate change requires significant decarbonization of the grid. Nuclear fusion
has long been considered a “holy grail” for producing on-demand energy without significant land
demands or waste, and many have quantified beneficial carbon impacts [3}/12]. Fusion was considered
far away until recently, when renewed public-private enterprise in fusion has ushered in a wave of
investment, interest, and supporting industries.

One major approach to generating fusion in laboratory plasmas is magnetic confinement, which
leverages the tendency of plasmas to remain confined perpendicular to magnetic fields. Currently, the
highest performing magnetic fusion concept is the tokamak, a toroidal vacuum chamber with external
magnetic coils that help generate a large plasma current.

One of the largest challenges for conducting tokamak research and future commercialization are
plasma disruptions, or the loss of plasma stability that may deposit large amounts of temperature and
current on the tokamak’s walls [[8]. Quenches can inflict severe damage to the tokamak, requiring
costly repairs and delaying future experiments. For more background, please see the Appendix.

Disruptions are difficult to model using physical or “first-principles” simulations due to the numerous
causes of instability and unobserved factors. In response, several Machine Learning strategies have
been previously suggested to estimate disruptivity, i.e. the probability of a disruption outcome,
allowing timely activation of mitigation systems [9]]. For instance, DIII-D, the U.S.’s largest tokamak,
employs a random forest (RF) for plasma state monitoring [[10]. Current state of the art models employ
classical neural techniques, such as “Hybrid Deep Learner” (HDL), a convolutional Long-Short Term
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Figure 1: Disruption prediction framework. Tokamak picture taken from [2].

Memory network [[14]. These models are still behind what is necessary for commercially viable
fusion, where recall of at least 95% is required [8]. Moreover, they might not be tailored to a plasma
dataset’s unique structure. The RF and HDL treat the problem as a discrete time series, where the
observation frequency is fundamental to the underlying system (i.e. like characters or words, which
are fundamental units of measure in a sentence.) A tokamak’s features’ sampling rates are by no
means fundamental, and vary depending on diagnostic instrument.

The model that we present here, the Continuous CNN [6]], addresses these shortcomings. Instead of
learning discrete filters directly, this model learns real, continuous functions that are that sampled. In
our case, this is a mapping ¢ : R — R that maps time to filter weight. Here we use the Multiplicative
Anisotropic Gabor Network (MAGNet) [11], that uses a combination of 1D convolutions and Gabor
functions, (a product of a normal PDF and sin). Learning a MAGNet instead of a discrete filter
constrains the kernel to learn smooth features, even though it is later reduced to a discrete series of
weights when passing through the sample’s resolution.

We endeavor to create a model that surpasses the HDL in the Area Under the Receiver Operating
Characteristic Curve (AUC) metric, and also investigate whether a continuous approach is superior.

2 Model and Data

2.1 Dataset composition

Our dataset is composed of 4418 plasma shots from the Alcator C-Mod tokamak from MIT (C-Mod)
[S]]. Of these, 20% culminate in a disruption. The data is normalized to a sample rate of 200Hz (every
5ms). Shots with duration less than 125ms are excluded. Each shot is truncated 40ms prior to its
end, as this is the minimum time needed for the activation of disruption mitigation systems. We did
not train the model across multiple reactors, as detailed in [[14]], due to irregularities noticed in the
data other than C-Mod, and because C-Mod is most similar to a new machines of interest [|1]]. Our
main objective is to understand how this model performs on a single tokamak, and determine how
predictable disruptions actually are when using continuous filters. We set up the training and test
task as a sequence to label prediction. Each shot is a training example with a binary disruption label.
Non-disruptive shots are augmented by randomly clipping them at shorter lengths. For an explanation
of the features we use, please see table[2]in the Appendix.

2.2 CCNN Architecture

We instantiated the same architecture as described in [6]. We use separable FlexConvs
(SepFlexConvs) from [11] with MAGNet kernels. A diagram of the MAGNet kernel network
is detailed in Fig[2a] Discretized coordinate values x go through a 1D convolution, and are then
passed into the Gabor function ¢ sin, where ¢ is a normal PDF with learned variance and mean.
This is multiplied with the previous filter and passed through another 1D convolution (omitted
in the diagram). This repeated N, times and then passed through a Channel Mixer (another 1D
convolution). Another portion of the network computes a continuous mask that truncates the filter at
a given threshold. See [11] for details. Here, separability refers to the channel mixer inserted at the
end of the MAGNet, as show in Fig[Za] Non-separable FlexConvs were also explored extensively
and no improvement in performance was observed.
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Figure 2: Summary of the CCNN architecture.

Although the model is trained for sequence-to-label prediction, it can also function as a sequence-to-
sequence model. We replace the AvgPooling layer in the CCNN block with a moving average. This
approach yielded better results compared to other label representation methods, such as using a vector
of 1s or 7-windowing (0 then 1 for 7 timesteps before the end). Modeling problems as sequence-to-
label with a AvgPooling layer is observed in multiple high performing global convolution models
such as [4] /6], and is key to performance.

Our network size is far smaller than any of those present in [6]. Our highest performing model has
only 2,664 parameters, and increasing model size past did not appear to increase performance. Other
than our the final dense layer, nearly our whole model is visualized in Fig[5] Smaller models are
also reasonable performers: a model as small as 994 parameters was found with only a 0.005 drop in
AUC. Since the convolution length does not depend on the number of parameters, high performance
over long range dependencies is achievable without many variables. We also found that [6] uses
large initialization values for some filters, resulting in sampling artifacts. This may be advantageous
common benchmarks like Long Range Arena [13]], but were very harmful to performance in our
model. We lowered the initialization of wg by a factor of 250x and observed increased performance.

3 Results and Discussion

Performance is exceptionally higher than [14] with an AUC of 0.974 on C-Mod compared to 0.799.
The ROC curve is shown in Fig[3a] As indicated, 87.9% of disruptions can be caught 40ms before
disruption with only a 5.1% false positive rate. As shown in[I] we perform significantly better than
[14]] when more disruption data is present. Poor performance on case 2 is likely due to difficulty in
dealing with the high class imbalance (176 non-disruptions for each disruptive example).

Training Set Composition AUCs
Case no. | Non-disruptions | Disruptions | Baseline [14]] | Ours
1 All All 799 974
2 All 20 642 567
3 33% All 776 915
Mean 739 818

Table 1: A table containing different training cases and output metrics

The last 400ms of shots are shown in Fig[3b] Here we see a variety of failure cases that our model
encounters. Due to the sequence-to-label nature of our model, it can output positive disruption
predictions (p > 0.5) early in the sequence and reduce this later, as seen in the red bump around
T = —300ms. In a real-world use, outputting these weights would stop the current shot, and no
further data would be observed. Modeling this characteristic of disruption prediction is difficult. Our
data augmentation strategy of randomly clipping non-disruptive shots is intended to counteract this,
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but it is not always successful, especially as we do not augment disruptive examples. We qualitatively
observe that most often, the model is able to predict disruptions 100-400ms before they occur.

3.1 Barriers to real-world use

While our model is efficient enough to be used in live disruption prediction (<3ms on CPU for a
Is shot without any optimizations), there remain are barriers to deployment. When generating the
dataset, a number of features is obtained by running an equilibrium reconstruction code, i.e. EFIT [7].
EFIT features are available at runtime, but are more prone to generate missing data (represented as
white noise) as they rely on more input diagnostics, and we have not yet robustly trained the model
on data augmented by the random periods of white noise. Also, there are many data sources that we
did not include, including photos and two-dimensional EFIT profiles. These are readily available
during experiments, but require significant data-wrangling effort to collect and aggregate. Thus we
have set a lower bound the model performance possible in disruption prediction, further motivating
the collection of larger, more informative datasets.

3.2 Continuous vs. Discrete

Creating filters of arbitrary length with a very small number of parameters is extremely powerful for
the task of disruption prediction. Our data size is inherently limited, and training a model with many
discrete convolutions is unlikely to generalize well. We learn interpretable, continuous filters (see
Fig[), which are significantly longer range than what would be feasible using a discrete models, at
190ms, 655ms, 510ms, and 1360ms long (see Fig E]) Hence we believe continuous models show a
distinct advantage for disruptivity prediction.

3.3 Architecture limitations

Many of the samples trained on were quite short (less than a second). Using a moving average before
the dense layer at the end of the model for exceedingly long sequences may eventually limit the
models ability to signal useful information due to an excessively large denominator. Solutions such
as a windowed average, exponential average, or even a simple sum will be explored in the future.

4 Conclusion

Overall, this contribution could support the fight against climate change by bringing fusion energy
closer to commercial viability. We present a new state-of-the-art model for disruption prediction
based on the CCNN. It achieves greater performance metrics than a baseline, and motivates the
development of future models, built with more data, which may greatly reduce harm of disruptions.
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Appendix

4.1 Background on Nuclear Fusion

There are two main techniques to confine fusion plasmas, both of which are currently in experimental
/ laboratory development. The first, is inertial confinement, using highly energetic lasers to compress
and heat a solid target of fuel, or fast moving projectiles. and magnetic confinement, which leverages
magnetic fields to confine and heat the ionized gas of fuel. While various designs are under exploration
for both methods, our group focuses on magnetic confinement using tokamaks.

Tokamaks are designed to leverage axisymmetric magnetic-fields, and so they maintain stability under
specific conditions. Stability is defined as the plasma’s maintaining shape, current, and magnetic
fields, and most importantly, manageability with respect to external controls. However, tokamak
plasmas may become instable due to a heterogenous range of causes. For instance, if most electrons
lag in toroidal rotations compared to poloidal ones, it can induce magnetic forces that unevenly
pressurize the plasma. If unchecked, such imbalances can escalate, leading to plasma confinement
loss, which leads to large temperature and current quenches deposited on the devices’ walls. To
name a few other types of instabilities, the plasma may experience vertical displacement events,
unexpected material residue deposited on the devices’ plasma facing components, or kinks in the
toroidal oscillations. Thus, a disruption predictor must be general enough to cover a range of behavior.
These predictors may be essential in proving commercial viability of the devices[/12]].

4.2 Data summary

| Feature [ Definition | Relevant instab. |
Locked mode indicator Locked mode mag. field normalized to toroidal field MHD
Rotating mode indicator | Std. dev. of Mirnov array normalized by toroidal field MHD
Bp Plasma pressure normalized by poloidal magnetic field MHD
4; Normalized plasma internal inductance MHD
Qo5 Safety factor at 95th flux surface MHD
n/ng Electron density normalized by Greenwald density Dens. limit
Azcenter Vertical position error of plasma current centroid Vert. Stab.
Azlower Gap between plasma and lower divertor Shaping
K Plasma elongation Shaping
Pad Pinput Radiated power normalized by input power Impurities
Ip,error / Ip,prog Plasma current error normalized by programmed current Impurities
loo Toroidal “loop” voltage Impurities

Table 2: The input features of the model, their definitions, and a categorization of the type of
instability the signal indicates.

4.3 Learned Filters
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