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Nuclear fusion using magnetic confinement, in particular in the tokamak
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Fig.3 | Control demonstrations. Control demonstrations obtained during

b, Approximate ITER-proposed shape with neutral beam heating (NBH)
TCV experiments. Target shape points with 2 cmradius (blue circles),

entering H-mode. ¢, Diverted negative triangularity of —0.8.d, Snowflake
compared with the equilibriumreconstruction plasmaboundary (black configuration with atime-varying control of the bottom X-point, where the

continuousline). Inallfigures, the first time slice shows the handover target X-points are marked in blue. Extended traces for these shots can be
condition. a, Elongation of 1.9 with vertical instability growth rate of 1.4 kHz. foundin Extended DataFig.2.
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The RL algorithm uses the collected simulator data to find a
near-optimal policy with respect to the specified reward function.
The datarate of our simulator is markedly slower than that of a typical
RL environment due to the computational requirements of evolving
the plasma state. We overcome the paucity of data by optimizing the
policy using maximum a posteriori policy optimization (MPO)*, an
actor-criticalgorithm. MPO supports data collection across distributed
parallel streams and learns in a data-efficient way. We additionally
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data, to account for varying, uncontrolled experimental conditions.
This provides robustness while ensuring performance. Although the
simulator is generally accurate, there are known regions where the
dynamicsare knowntobe poorlyrepresented. We built ‘learned-region
avoidance’ into the training loop to avoid these regimes through the
use of rewards and termination conditions (Extended Data Table 5),
which halt the simulation when specified conditions are encountered.

[(®X & D51H/416pagel

The control loop of TCV runs at 10 kHz, although only half of the
cycletime, thatis, 50 ps, is available for the control algorithm due to
other signal processing and logging. Therefore we created a deploy-
ment system that compiles our neural network into real-time-capable
codethatisguaranteed to runwithinthis time window. To achieve this,
we remove superfluous weights and computations (such as the explo-

the neural network structure to optimize the use of the processor’s
cache and enable vectorized instructions for optimal performance. TW5,
The table of time-varying control targets is also compiled into the
binary for ease of deployment. In future work, targets could easily
be supplied at runtime to dynamically adjust the behaviour of the
control policy. We then test all compiled policies in an automated,
extensive benchmark before deployment to ensure that timings are
met consistently.

[(&3 & D5|A/Deploymentt < 3 v] 30
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Extended DataFig. 3| Control variability. Toillustrate the variability of the
performance that our deterministic controller achieves on theenvironment,
we have plotted the trajectories of one policy that was used twice on the plant:
inshot 70599 (in blue) and shot 70600 (in orange). The dotted line shows where
the crosssections of the vessel areillustrated. The trajectories are shown from
the handover at 0.0872 s until 0.65 s after the breakdown, after which, on shot

70600, the neutral beam heating was turned on and the two shots diverge.
Thegreenline showsthe RMSE distancebetween the LCFSinthetwoexperiments,
providing adirect measure of the shape similarity between the two shots.
Thisillustrates the repeatability of experiments bothinshape parameterssuch
aselongation kandtriangularity §and in the error achieved withrespecttothe
targetsinplasmacurrent/,and the shape of thelast closed-fluxsurface.

[ & D 5| F/Extended Data Fig.3]
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