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Motivation: RL in fusion research

• MHD control with AI (Google DeepMind & EPFL & TCV team, Nature, 2022)

- With RL technique, the plasma current, shape and position 
were successfully controlled in TCV.

- It demonstrated the huge potential of RL × Fusion research.

[1] J Degrave et al, Nature 602 (2022) 414
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What is RL?

• Deep reinforcement learning (RL) [1]

[1] V Mnih et al, Nature 518 (2015) 519

Environment

AI (RL agent)

Action

Observation,
Reward

Action Bad Good Bad Good Good

Reward -1 +1 -1 +1 +1

- The AI takes the action that yields a higher reward.

- It gradually learns the optimal decision-making policy.

𝑹𝒆𝒘𝒂𝒓𝒅
≈ 𝒇 𝒐𝒃𝒔, 𝒂𝒄𝒕Time

“Finding the best decision-making policy”

• Difficulties of RL application in fusion research

- RL requires a reliable training environment (simulation).

But we don’t have a perfect all-in-one tokamak simulator including gyro-kinetic, MHD stability, H&CD, …

- RL typically requires > 105 simulation iterations to train.

But reliable theory-based simulation (TGLF, EPED, NUBEAM, …) takes minutes to hours for a single step.
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Introduction: What I did

• Therefore, I’ve done [1, 2]
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[1] J Seo et al, Nucl. Fusion 61 (2021) 106010
[2] J Seo et al, Nucl. Fusion 62 (2022) 086049

1. Make a fast surrogate environment

- We have 10-year exp data in KSTAR.

- So, let’s build a data-driven simulator!

2. Then, use RL for tokamak operation design

- On the simulator above, we trained an AI that controls 

the tokamak actuators to achieve given targets.

3. Validate in KSTAR experiments



Contents

• Introduction
- Motivation: RL in fusion research
- What is RL?

• What I did
- Surrogate model for the KSTAR tokamak
- Tokamak operation design with RL

• What I will do
- Tearing mode avoidance in DIII-D
- Real-time CAKE

6



Surrogate model for the KSTAR tokamak
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• Idea

- We have experimental data of both tokamak actuators and plasma responses.

- Then, we can train the LSTM-based neural network that mimics the plasma response.

Plasma current, heating power, Boundary shape, …

Plasma beta (𝛽𝑁, 𝛽𝑝), safety factor (𝑞95, 𝑞0), internal inductance (𝑙𝑖)…

What we want to make: Predicting plasma states from actuators

Input

Output

Input Output



Surrogate model for the KSTAR tokamak
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• Neural network diagram

- Inputs are the time-series of the 

previous plasma state, field variables, 

heating, and geometric information.

- Outputs are 𝛽𝑁, 𝑞95, 𝑞0, 𝑙𝑖. Others 

(𝑊𝑀𝐻𝐷, 𝛽𝑝) can be also estimated from 

these.

- To minimize overfitting and undesired 

prediction, noise layer, dropout, and 

ensemble averaging were applied.
Geometry

Heating

Field 
variable

Previous 
state



Surrogate model for the KSTAR tokamak
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• Predictive simulation in KSTAR with the trained model

Regression plot for testset

- If only the initial condition (grey box) is given, the entire discharge can be predicted from the actuator scenario.

- The model successfully predicts the plasma evolution in different scenarios.



Surrogate model for the KSTAR tokamak
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• Interactive GUI for predictive modeling

- We can perform a virtual 

interactive experiment in 

real-time.

- This tool can be used for the 

environment of the RL 

training.

https://github.com/jaem-seo/KSTAR_tokamak_simulator

https://github.com/jaem-seo/KSTAR_tokamak_simulator


Tokamak operation design with RL
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• Idea

- Now, we have a training environment for RL.

- Then, we want an AI that designs and suggests a possible operation trajectory to achieve a given 

target plasma state.

Ex) How do we operate a tokamak to achieve 𝜷𝒑 = 𝟐, 𝒒𝟗𝟓 = 𝟓, 𝒍𝒊 = 𝟏

at a given available heating condition (𝑷𝑵𝑩 = 𝟓𝐌𝐖)?

Plasma current: 0.6 MA

Plasma boundary shape:

Goal

Constraints



Tokamak operation design with RL

12

• RL training for operation design
- For the AI to interact with the simulator, we need 

to wrap it into a standard format, OpenAI Gym

environment [1].

- The AI was trained by TD3 [2] implementation from 

Stable Baselines [3].

Action
Observation

Reward

Action:  𝐼𝑝, 𝜅, 𝛿𝑢, 𝛿𝑙, 𝑅𝑖𝑛, 𝑅𝑜𝑢𝑡

Observation:  Previous action, 𝛽𝑝, 𝑞95, 𝑙𝑖 𝑜𝑙𝑑
, 

𝛽𝑝, 𝑞95, 𝑙𝑖 𝑡𝑎𝑟𝑔𝑒𝑡
, 𝑃𝑁𝐵′𝑠

Reward: −RMS
𝑦−𝑦𝑡𝑎𝑟𝑔𝑒𝑡

𝜖𝑦 𝑦=𝛽𝑝,𝑞95,𝑙𝑖

The closer to the target, the higher

[1] G Brockman et al, ArXiv preprint, ArXiv1606.01540 (2016)
[2] S Fujimoto et al, 35th ICML (2018)

[3] A Hill et al, https://github.com/hill-a/stable-baselines (2018)

https://github.com/hill-a/stable-baselines


Tokamak operation design with RL
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• Validation in the simulation

- After enough training, the AI determines 

reasonable solution of 𝐼𝑝 and the boundary 

shape to reach the target of multiple 

parameters.

Reward

Before training After training

https://github.com/jaem-seo/AI_tokamak_control 



Tokamak operation design with RL
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• Validation in the KSTAR experiment

- The plasma response followed the preset targets.

- However, actual shape controls were not perfect. 

→ Control/diagnostics uncertainty should be reflected later.

Target setting

𝛽𝑝, 𝑞95, 𝑙𝑖

= 1.8, 6.0, 0.9

& 1.2, 4.0, 1.0
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Tearing mode avoidance in DIII-D
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• Idea

1. TM predictor

TM prediction

2. RL-based controller

Goal: Control beams & EC to avoid TM

Constraints: ITER baseline scenario
(shape, q95, low-torque)

- For high-performance plasma, we should control plasma near the 

marginally stable regime.

- By avoiding the tearing mode, we can pursue higher performance.



Real-time version of CAKE (RT-CAKE)

• CAKE (Consistent Automatic Kinetic Equilibrium reconstruction) [1]
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[1] Z A Xing et al, Fus. Eng. Des. 163 (2021) 112163

Automated 
equilibrium fitting

Magnetics, MSE

Thomson Scattering

CER

Automated, but not real-time-feasible (∵Many iterations, NBI and bootstrap calculation)

- Lots of works (stability, prediction, control) demand real-time kinetic equilibrium.

Z

Encoder Decoder

NN NN

- RT-CAKE can be theoretically possible with 
Encoder-Decoder type NN.



Thank you



Back-ups



Tokamak operation design with RL

20

- When the next target of {𝛽𝑝, 𝑞95, 𝑙𝑖} is randomly given, 

the AI determines next {𝐼𝑝, boundary shape}.

- A single episode consists of control phase and 

relaxation phase.

- In the control phase, the control variables are varying 

along the AI solution, and in the relaxation phase, they 

maintain for enough saturation of the plasma state.

- At the end of the episode, the reward is estimated.

- The target values and the available NBI powers are also 

randomly reset for the next episode.

• RL training for operation design (1 episode)

× 𝟓 × 𝟏𝟎𝟓 episodes



Tokamak operation design with RL
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• Validation in the KSTAR experiment

- After we set the target, the AI determines the operation trajectory. Then we did experiment with that trajectory.

- The plasma response followed the preset targets.

- However, actual shape controls were not perfect. → Control/diagnostics uncertainty should be reflected later.

Target setting

𝛽𝑝, 𝑞95, 𝑙𝑖

= 1.8, 6.0, 0.9

& 1.2, 4.0, 1.0



Tokamak operation design with RL
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• Validation in the KSTAR experiment

- Compared to other shots under 

similar operating condition (gray), 

the AI-designed operation yields an 

achievement closer to the target.

- Even under similar condition, the 

plasma response can differ 

according to the previous history.

Goal & Achieved in parametric space, 
with other shots under similar condition

Similar conditions in dataset:
𝑩𝒕 ± 𝟎. 𝟎𝟓 𝐓, 𝑰𝒑 ± 𝟎. 𝟎𝟓 𝐌𝐀, 

𝑷𝑵𝑩 ± 𝟎. 𝟏 𝐌𝐖, 𝜿 ± 𝟎. 𝟎𝟓, 𝜹𝒖,𝒍 ± 𝟎. 𝟏



Surrogate model for the KSTAR tokamak
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• Prediction of plasma states

0.4 0.5 0.6 0.6

0.0 0.0 0.0 1.5

1.1 1.2 1.3

6.5 5.5 4.5

Plasma current, 𝑰𝒑

Heating power, 𝑷𝑵𝑩

⋮

Norm. beta, 𝜷𝑵

Edge safety factor, 𝒒𝟗𝟓

⋮

Tokamak 
control

Plasma 
states ?

Time

100 ms

- We want the model to predict the plasma responses by learning the pattern of the experimental data.

- Plasma response is time-dependent. → RNN or LSTM

0.4 0.5 0.6 0.6

0.0 0.0 0.0 1.5

?

0.6

1.5

1.7

4.3
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