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Due to the high costs and limited experimentation Inertial Confinement Fusion Temperature Maximization
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Bayesian Optimization (BO) has shown promise in optimizing - -
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Preference Model + Meta Learning

Preference Model + Meta Learning Meta-learned Transformer Surrogate
To address the need for trust and sample efficiency, we intro- \ /
duce Meta Bayesian Optimization with Human Feedback (MBO-

HF), a framework that: =
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* Integrates expert knowledge
* Provides explainable insights

* Includes the scientist in the decision-making loop. Experiment Exoeriment
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MBO-HF makes use of a binary preference model which is trained using ‘% Results of the comparison between different expert's accuracy
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expert judgments on pairs of candidate points. Scientist Initialize B0 Model percentages.

Moreover, Hypothesis-driven sampling is employed to focus candidate + Adds Hypothesis
selection within promising subregions. SHAP EXplanathnS
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O Optimization Process:

_ Feature attribution using for the two candidate points
Explainability . proposed by MBO-HF. Bars represents Shapley value of the

MBO-HF presents candidates to the expert, and the expert selects the
candidate they prefer to evaluate. The surrogates are updated with this with SHAP ' feature w.r.t. the BO metrics (AF, Mean, SD).
new evaluation. This process is repeated until we run out of experimental

budget, or the optima has been reached. Explainability This material is based upon work supported by the Department of Energy
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