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Challenges with Inertial Confinement Fusion — %.assgse;;msvsﬂaz
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Data Source: MIT Plasma Science and Fusion Center https://wwwyoutube.com/watch?v=ft4lhJK4ZTs
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Fusion is the energy source in the sun and stars, and it is Challenging ~ _ _®< | %:%sggggggmy;}gag

On Earth, nuclear fusion via
Inertial Containment Fusion
(ICF) takes a laser facility the _
size of a football field...

In an ignited capsule, pressure and temperature are
higher than in the center of the sun
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Challenges with Inertial Confinement Fusion

The tiny payload must have an outer shell of
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precise thickness and interior material makeup. \ i v
- Iph
S . Due to alpha-ion
TF;T( resum?g implosion », t N self-heating the burn
IS lIk€ a pl§ on propagates ouftward
compressing a gas: Temperature and into the fuel
density increases
as the capsule
compresses
i ﬂ.l
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P
Compression Ignition and
from rise fusion burn
Laser heats the capsule Ablation of the outer surface material accelerates the inner
surface increasing the part of the capsule inwards launching strong rocket-like
pressure shocks in the fuel which propagates through the DT gas
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Explainable Scientist in the Loop Optimization with Meta Learning from Multi-Fidelity Simulation
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Standard Bayesian Optimization — how it has been done
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Refinements to Bayesian Optimization for very high sample efficiency
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Optimization: Inertial Confinement Fusion with 5 input dimensions e ?;.}ivﬂ.ﬁé’??ééu”w%’g%ﬂﬁﬁ

Input variations for successive steps
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MBO-HF outperforms baselines on all 6 benchmarks, lower the better. Shaded areas: +/- 1SD. Regrets are normalized.
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Comparison of different hypothesis: “Good" best-case, “Bad" worst-case, and Random sampling in
preference learning initialization. Shaded areas: +/- 1SD. Regrets normalized.
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Results: MBO-HF accuracy evaluation
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Results of the comparison between different expert's accuracy percentages. The

shaded areas represent a +/- 1SD error. Regrets are normalized.
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