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Narrative 
This project set out with an ambitious goal: to develop and apply machine learning-based methods of 
discovering new controllers and operating regimes for achieving better performing plasmas in tokamaks.  
As summarized in the dozens of papers below, the project was a huge success.  It developed several machine 
learning components and integrated them into a single ML system that was added to the DIII-D PCS.  That 
functionality was demonstrated over a series of experiments on DIII-D.  A summary of these results is given 
here with the details in the published papers below. 

Princeton University/PPPL - Egemen Kolemen 
Tearing avoidance at DIII-D using ML 
For efficient fusion power generation, we need to push up the plasma pressure (𝛽!) as much as possible. 
We developed a novel technique to avoid disruptive tearing instability in a tokamak, using the 
reinforcement learning method. The AI-based tearing avoidance system actively controls the beam power 



and the plasma shape to maintain the possibility of future occurrence of tearing instability at a low level. 
The record performances on DIII-D were robustly achieved by the AI controller in different shots. 

Shot 193280 shows the record performance among undisrupted ITER baseline experiments and shot 193282 
shows the record performance among the shots even including disrupted ones (Figure 1). 

Alfvén Eigenmodes detection and locating. 
The evolution of AEs as a function of actuator input is very hard to predict using physics-based numerical 
simulation. However, ML approaches trained on a database of ECE measurements under various 
equilibrium and actuations can give us the insight needed to adjust the control to suppress AEs. In order to 

Figure 1: Detailed analysis with different DIII-D experiments controlled by AI tearing avoidance system. 

Figure 2: Example of the NN-based AE locator which detects the AE modes on the noise-enhanced 
spectrogram of each ECE channel separately. By concatenating the output of the model for each 
channel, an overview of the location of the AE modes is made. 



locate the AE modes, we trained an NN model to analyze spectrograms of each ECE channel separately. 
Since the 40-channel ECE system measures from the edge to the core of plasma, concatenating the model's 
outputs for all ECE signals of a shot provides spatiotemporal information about the probability of each AE 
mode (See Figure 2). 
Since the ECE signals are usually noisy, we trained an Autoencoder neural network to denoise the 
spectrograms before feeding them to the model. We show that the proposed spectrogram denoiser is source-
invariant and we successfully utilized it to enhance CO2 and BES data. This paves the way towards multi-
modal detection and prediction of plasma instabilities using machine learning algorithms. 

ML equilibrium and core-profile 
reconstruction algorithm 
The application of more advanced control 
solutions is typically limited by the 
availability and quality of real-time plasma 
information, such as kinetic profiles. In recent 
years, our group has developed an offline tool 
(CAKE) which performs profile fitting and 
consistent automatic kinetic equilibrium 
reconstruction (without a physicist in-loop). 
The aim is to have CAKE-quality plasma 
profiles available in real-time. However, 
since CAKE evaluates a time slice in the 
order of seconds, hence too slow for real-time 
applications, we have initialized multi modal 
neural network versions of CAKE 
(CAKENN, RTCAKENN). RTCAKENN is 
trained to produce CAKE-quality output using real-time inputs such as magnetics, MSE, CER, Thomson. 
Tests show CAKENN is on par with CAKE as the main metric of average error achieved in CAKENN 
output and CAKE outputs are the same. In 
specific cases the neural network performs 
even better than CAKE (See Figure 3). 
 

Plasma Profile evolution prediction with ML accelerated physics models 
PU and CMU groups have implemented various neural network models trained on empirical data to 

predict plasma profile evolution: ion and electron temperature and density radial profiles (Te, Ti, ne, ni); 
safety factor (q) profile; plasma rotation radial profile, with the LSTM+CNN model giving the best results 
thus far. A key to the success of our ML-based prediction and control approach was the tremendous effort 
by several graduate students at PU and CMU to collect, clean, categorize and prune a large dataset of 
profiles and actuators from the DIII-D discharges database to make a training database.  

The CMU team learned a dynamics model for the DIII-D tokamak. The team drew from over 10,000 
previous plasma discharges from the device to train a deep recurrent network. In particular, the network 
was trained on the real-time and post-shot diagnostics that measure the magnetic equilibrium and plasma 
parameters. The team found that learned models are able to predict these measurements for entire shots 
remarkably well. Figure 3.2-5 shows the good performance of the model in forecasting several scalar 
parameters of the plasma over time. This work validates the use of purely data driven models for modeling 
both 0D and 1D plasma state evolution.  

Figure 3.2-1: CAKENN reproduces important physics 
pattern. 

Figure 3: CAKENN reproduces important physics 
pattern. 



 

Carnegie Mellon University - Jeff Schneider 
Data driven plasma models 
Over 10K shots from DIII-D were downloaded and used to learn surrogate plasma models for DIII-D.  
These models were demonstrated to be more accurate than existing simulation models and provided the 
foundation for the control policy learning. 

Uncertainty quantification (UQ) methods 
When discovering and learning new control policies, uncertainty quantification of the models is critical for 
efficient exploration of the search space.  We developed better performing methods for this and in addition 
to using this for our control policy learning and publishing papers, we published an open-source project 
that has become the most popular uncertainty quantification toolbox. 

Open loop planning methods using reinforcement learning (RL) 
We developed efficient and robust algorithms to search for high performing open loop trajectories for 
execution on DIII-D.  These methods rely on both the plasma models and the UQ that goes with them 
(Figure 5). 

 
Figure 5: Feedforward control for β_N and Differential Rotation. The blue line shows the achieved value 
during the experiment, the dashed black line shows the target for each signal, and the red line shows the 
reference shot that the experiment was based on. 

Figure 4: Forecast of selected 0D parameters in a test shot. The black dashed line shows the 
ground truth for the shot, the solid blue line shows the mean prediction of the model, and the light 
blue region shows a one standard deviation prediction interval. Note that the model only sees the 
first state and then predicts the full shot in an autoregressive fashion. 



Closed loop controller learning using 
RL 
We developed efficient and robust algorithms to 
learn high performing closed loop controllers for 
execution on DIII-D.  These methods rely on both 
the plasma models and the UQ that goes with 
them. 

Bayesian optimization (BO) 
We developed new low sample BO methods for 
online optimization of parametric forms of DIII-D control strategies.  These also rely on ML-based 
modeling and UQ (Figure 6). 

DIII-D Experimental Results 
• Improved rampdowns and reduction of flux consumption.  We used our BO methods over several 

dozen piggyback experiments to reduce the average plasma current at rampdown disruption by a 
factor of 6.  We applied the same methods to reduction of central solenoid flux consumption in a 
high poloidal beta scenario.  We achieved promising results but did not get enough valid shots to 
demonstrate statistical significance. 

• Simultaneous differential rotation and beta_N Control.  We used our open loop planning methods 
to demonstrate simultaneous control of DR and beta_N, producing levels of both that were 
substantially different from the reference shots. 

• Closed loop beta_N tracking in multiple scenarios.  We demonstrated the performance of a single 
learned beta_N tracking controller across several different scenarios in individual and piggybacked 
experiments. 

University of Wisconsin-Madison - David Smith 
The most notable recent progress are two journal articles: 

Tokamak edge localized mode prediction with deep neural network and pedestal 
turbulence 
The article (S. Joung et al) describes initial results for ELM onset prediction using the BES data stream, 
and the article is under review at Nuclear Fusion. The article demonstrates that ELM onset prediction is 
feasible with neural network analysis of high-bandwidth fluctuation signals. Specifically, the article shows 
accurate ELM onset prediction around 3-4 ms in advance of the ELM event. Figure 7 shows an example 
where the model predicts ELM onset events around 5 ms in advance of the ELM event on unseen data and 
about 40 ms in advance on the first ELM following the LH transition. The present prediction horizon of 3-
4 ms is too short for control actuators, but we are confident that a longer ~10 ms prediction horizon is 
possible for compatibility with the fastest ELM control actuators. Finally, results in the article also show 
that the neural network can predict the timing of the first ELM event after the LH transition. Prediction of 
the first ELM timing is important because it allows for precise activation of ELM control mechanisms after 
the LH transition and prior to the first ELM, and this capability is critical for ITER. 

Figure 6: Plasma currents at disruption of shots in 
the test group over time. 



 
Figure 7: (Left) Model predictions for ELM onset likelihood (lower frame) during an ELMy H-mode phase. 
(Right) Model prediction for ELM onset likelihood (lower frame) after the LH transition and approaching 
the first ELM. 

Real-time plasma confinement regime classification with convolutional neural 
networks and high bandwidth edge fluctuation measurements in DIII-D 
The second article (K. Gill et al) describes initial results for real-time confinement mode classification using 
the BES data stream, and the manuscript is under internal review in the DIII-D tracker for submission to 
Machine Learning: Science and Technology. The article describes a neural network that can accurately 
classify the confinement along L-mode, H-mode, QH-mode, or wide pedestal (WP) QH-mode using only 
a 1 ms window of BES data. Figure 8 shows example results for confinement model inference on unseen 
test data. The confinement classification model shows good performance distinguishing QH-mode and WP 
QH-mode in the left group. The confusion matrix in the right plot shows overall performance on the four 
confinement regimes with F1, precision, and recall scores around 95% for unseen test data. An accurate 
real-time indicator of the confinement mode will facilitate reinforcement learning of control schemes to 
access and sustain enhanced confinement modes. 

Finally, ongoing work is extending the results described above: 

• Iterating with our SLAC collaborators to implement neural net models on the BES FPGA device 
• Extend the ELM onset prediction horizon by assembling a new dataset with longer inter-ELM 

phases and with additional metadata for filtering ELMy scenarios 
• Expanding the confinement mode classification to additional scenarios such as intrinsic ELM-free 

H-mode and RMP ELM-suppressed H-mode 
• Developing a multi-task model in which a single feature space drives multiple tasks such as ELM 

onset prediction and confinement mode classification 
• Exploring strategies to incorporate ML explainability and physics-informed neural networks into 

our model development. 
 



 
Figure 8: (Left) Confinement mode inference on unseen test data across the transition from QH-mode to 
WP QH-mode; (Right) confusion matrix for the four confinement regimes on unseen test data. 

 

SLAC – Stanford University - Ryan Coffee 
The research for the development of an Edge Localized Modes (ELM) labeling model for the DIII-D 
dataset, involves using machine learning (ML) techniques to automatically identify and label ELM events 
within the data. This is part of the broader effort to apply Edge-ML (machine learning algorithms executed 
at the "edge" of the network, near the data source) for real-time diagnostics analysis in fusion plasma 
control. 

Optimization of Real-Time Data-Flow Architecture 
The project has optimized a real-time data-flow architecture in FPGA (Field Programmable Gate Arrays) 
to handle the high-speed fluctuation data from diagnostics like BES (Beam Emission Spectroscopy), which 
is essential for capturing the fast plasma dynamics associated with ELMs. 

Development of Edge-ML Models 
The team has developed Edge-ML models to process the raw high-speed fluctuation data from BES 
diagnostics. These models aim to efficiently reduce signals for the central Plasma Control System (PCS), 
allowing for the real-time identification and labeling of ELM events. 

Deployment of FPGA-Based Edge-ML System 
The project has implemented an FPGA-based Edge-ML system at DIII-D, which is designed to combine 
the signals from BES diagnostic detectors with CO2 interferometer detectors in a neural network to identify 
and predict ELM events in real-time. 



ELM Identification and Prediction 
The team has developed a neural network that serves as an ELM identifier. This network has been trained 
with a clean dataset of microsecond-level labeled ELMs from BES, showing promising results for 
prediction and detection of ELMs (See Figure 9). To detect ELMs in the large DIII-D dataset Coincident 
Anomaly Detection (CoAD) splits the time series signals into two groups, passes the data to two networks, 
and then trains the networks by requiring correlation between the outputs of the two networks. After 
training, the networks will each produce an estimate of the probability that a particular sample is an ELM 
(shown on the right in logit-space). Points in the upper right of sq-space are labeled ELMs and all others 
are considered normal (not an ELM). To prepare the data for the networks, we average the 64 channels of 
the beam energy spectroscopy (BES) together and rescale them. All other channels are up sampled to 1 
MHz (to match the BES), differentiated, and rescaled. Each 1024 microsecond time window is labeled to 
contain an ELM or not. 

Hardware Integration and Testing 
The Edge-ML system, along with the developed ELM labeling model, is being integrated and tested within 
the DIII-D PCS. This involves implementing the model in the FPGA hardware to ensure real-time 
processing and labeling of ELM events. 

 
Figure 9: Data flow of the Coincident Anomaly Detection (CoAD) model for detecting ELM in DIII-D dataset using BES and 
Interferometer diagnostics. 
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