Adaptive Kernel Design for Bayesian Optimization RO

},‘ NEURAL INFORMATION

Is a Piece of CAKE ° with LLMs -%pmcgs.m SYSTEMS

Richard Cornelius Suwandi, Feng Yin, Juntao Wang, Renjie Li, Tsung-Hui Chang, Sergios Theodoridis

€

TL-DR We introduce an adaptive kernel design method that leverages LLMs as genetic operators to evolve
: ) Gaussian process (GP) kernels during Bayesian optimization (BO)
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LLM-guided evolution achieves faster convergence and
higher population fithess over time
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