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Motivations Objectives Dataset setup
Autonomous Tokamak Plasma Operation Control i i .. ]
P Aims of this research 1.1. Dataset for training Transformer based simulator
e Achieving a high performance and stable plasma in a steady- o - . : i
g - 9 P . | P Y High performance: to find the optimal way to control g, =3.0 Input: plasma state B, qos, li, Bk, 5, R, a + controlled variables
state Opel‘atlon IS Cr|t|Ca| Cha”enge for fUSIOn reactors. ° Shape control: to Control the Shape Wlth h|gh performance

. : L . * Controlled variables: Pyc+ Z-pos of ECH + Pyg;+ Ipppc + I,
* Human trials in experiments alone are not effective in finding optimal

conditions, due to operation limits[1] and instabilities[2,3]. Related work * Output: plasma state B, qos, li, By, 1,0, R, @
 Seo et al[6] have explored feedforward beta control with * Time interval between data points: 50.00ms
Reinforcement Learning for Multi-targets control 3 KSTAR simulator based on LSTM. o ]
_ _ o 1.2. Dataset for training Grad-Shafranov equation solver
* Reinforcement Learning [4,5] offers a promising approach to  Jonas et al [7] have shown the significant results on plasma _ _ _
. . . . . * Input: plasma state: g,,qqs,1i, 5,1, + PFPC coil currents configuration
discover optimal trajectories by data-driven and model-free methods. shape control using MPO algorithm.
. . . . ] * OQOutput: magnetic flux y € R6°%6>

* There is a Pareto-optimal for target variables in plasma control, « Multiple OD parameters control has been conducted by

indicating that single-objective RL has limits to find optimal policies. managing different target variables simultaneously with 1.3. Dataset for training Plasma contour regressor

linear scalarization [8].

Concept of our research  Input: magnetic flux i € R®>*®>, plasma state: B, qqs,1i, 85, I,

Real-time control
and navigation

f @ Multi-Objective RL for tokamak plasma control * Output: magnetic axis (ruxis, Zaxis), 256 contour points {(ry, z,), ..., (1256, Z256) }
Environment
l-J  For multi-target control, it is necessary to consider the
+ SWarg
/ntefpreteﬁ

‘ relations between the controlled variables.
% -4

Mutual
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1.4. Dataset for training the controller

Iteracton We used Generalized Policy Improvement Linear * Input: plasma state: g,,qqs,1i, 5,1, + controlled variables from past

Support (GPI-LS) [11] to find the set of Pareto-front for

x{clon
°

* Output: Pgc+ Z-pos of ECH + Pyg;+ Iprpc + I, fOr next step

Agent . . . .
) controlling B, and k simultaneously in virtual KSTAR
Neural Network Reinforcement Learning Continuous and
(Function approximator, Simulator) (Decision maker / Feedback controller) stable operation environment.
Development of virtual KSTAR environment Development of Transformer-based plasma state simulator
Input NN-based simulator for virtual
Basic rules of virtual KSTAR environment for RL Function 2 KSTAR environment
_______ Plasma state
I'{_ ) | Output
Function 1. To simulate the plasma state after the control : are ‘ | Bn Qs 1, By ¥, 8, € Rgeo, Aminor
‘: | || J"l : : fromt = {to —Til—T+ 1,.., to — 1} Transformer Model - Bn qos., li, ﬁp K, 6, €, Rgeo Qminor
Predicting 0D : Bn qos, Ui, By, K, € R,
Plasma [ : Computb reward from Control parameters S e U B o S G att =to
: I the plasma state EC Heating, NB heating, Ipgc, I, B,
! _ . fromt = {t, —T,to—T+1,..,%0}
| |
| Previ tat | -
B (00, Magnetic Fux NN-based [ Development of PINN-based Grad-Shafranov equation solver
Poli I . I Plasma Sy —
0 !cy ‘ I S|mu|ator | - state | Governing equations (ODE, PDE,..) :
: (ACtIOﬂ) | (Predmtmg the next [ LD_U(_X{) _= i(u_(x: t),_u(_l)Ex,_t),_. -:tl| Profile estimation (Parabolic)
Plasma | l Action / Control state of plasma) | |
state | | (Coil current, Heating) | Forward p;‘a:‘:lsi:; :oor?;t:;:;a:::‘?a;lfe:utput and Grad-Shafranove equation: PINN Loss ](p ( R, Z) Rch/) (:/;) dii E;/))
: I | U (50) ; 1 001) sen 1
x (X1, =11-p)(1-y2) +18(1—y?
! L 3 A*gb:—uoRzg—g—Fg—lI; (1-v?) +20(1-v)
Function 1 - Loy = |Du(x,t) — f(u(x, ), u®(x, 1), ..., t)|2~ (MSEC:(’)’;Z“iZSI‘E":‘ s Constraints: Plasma current / beta-p
. . . - 2
« Integration: Neural Networks for predicting plasma state parameters + Magnetic flux + LCFS ap=RD (%3}’5) oy [, — f](p(R,Z)deZ
* NN-based simulator: Transformer [9] based model for predicting simulator eural Network a5 function aporoximator B, = ( 87T)2 f DdRAZ
. .. Uol
* Modules for visualizing tokamak plasma: PINN [10]-based Grad-Shafranov solver + ResNet-based contour regressor i

Development of ResNet-based Plasma contour regressor

Reward Engineering: Reward calculation for target control o
* Reward: key component for agent to provide the feedback for learning optimal policy — “EEEES || e
e DNN-based regressor Lioy o
* Linear scalarization used for converting multi-objectives as single-objective task e U
1 iZif,Z
Reward function for target; at state s, : R(s;); = tanh( ) > m)
target valuex0.001 + /(target value — actual value)? oo TR R .
|- ____________________________________ S. I b. t. . f t I . t." -0.75 -
I Linear scalarization for multi-target control: = : : 'ngie-objective reinforcement fearning st o = = = I 5 L T w4 B ¢
I 9 Total Reward WiR(S¢); valid under the linear scalarization 0D parameters: By, qos, li, B, |
RL framework application Simulation results
 Mutual interaction between virtual KSTAR environment and RL controller is prerequisite. * KSTAR shot 30399 for initial data + SAC control + Target: B, = 3.0, k = 1.8 (SORL): Elongation X
* We applied Soft Actor-Critic algorithm[12] for finding the optimal way to approach target values. s — e 15 Poloidal flux (.w) —
Exploration %_ —— (95-controlled 1.15
(Explore new transitions or trajectories) 207 ' : ' ' : \" 10 0.4
e ST T ]|
. _ ;, :
EC heating power (2,3,4) ‘ N ____[I___/ ' ‘ ' | . Los. A 0.5
Resonant Z-pos of EC heating (2,3,4) 2 J\/\”— betap-real .
RL Controller Emmmmmd NBI heating power (1,2,3) Br 95 li, By Kk, 0,R, a Folley teratien i N — T w(’ g 100 5 00
Plasma current ' ' ' ' ' ' '
e sar?.';“r?gtworks — li-rea 0-951 -0.
PFPC coil current(1,2,3,4,5,6,7 + U/L) l o eptmEne ! - 1007 ‘%— :i-conltrolled >
7 : i i i i i i 0.90 - M

0.75
oy ?"t'c llﬂet\;vuorl;_ Actor Network
oo ootk (Action determination) ~1.0
approximator) .
— Kreal
Policy evaluation Policy Improvement v 1.8 1 —— Kcontrolled 0.85
17 L T T T T T T T T T T T T T T T _15

Generalized Policy Improvement Linear S ort
time R[m]
y p upp * KSTAR shot 30399 for initial data + SAC control + Target: B,, = 3.0, k = 1.8 (MORL): Observation of Pareto-optimal
. . . . . . . . . . . Poloidal flux ()
* If Pareto-optimal situations, we can not find the optimal policy satisfying multi-objectives. e \\l\_—\— — R = s o] ...
'éw;_ - q95-controlled f-[ B
* Sample-efficient GPI-LS [11] used for searching finite space of corner weights — Pareto frontier e B == i /\/\ " ‘ -
- 37 \ bgtan_r‘e‘al g
£ 21 / — betan-controlled 1.0 - ot 0.05
- ] - - ] ] .8 0.5
P - Linear scalarization to find the optimal policy B ' o
areto eflicienc . . . o~
/ d corresponding to the given weight vector i /\/\/‘— betap>- rea.t W B3 -
8 —_— ap-controlle o 0.0
- » | 8 e
- 1 \
Z wiri(se,ar) = u(i(s,a)) R e o
- —= R-real -0.
g . : E 0.75 4 - ! : = - - < : 0.7 4 .
rEsoRAaat : - Given the set of policies, find the new weight vector that guarantee \ -1.0 ~0.20
: . ——ireal '
L to achieve the maximum possible improvement via GPI-LS algorithm = /436’\ = .
1.7 - . YA \/ =] _ -0.25
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