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Survey on Bayesian Optimization Methods for Hyper-parameter Tuning

LI Ya-ru,ZHANG Yu-lai and WANG Jia-chen

School of Information and Electronic Engineering, Zhejiang University of Science and Technology, Hangzhou 310023, China
Abstract For most machine learning models, hyper-parameter selection plays an important role in obtaining high quality models.
In the current practice, most of the hyper-parameters are given manually. So the selection or estimation of hyper-parameters is an
key issue in machine learning. The mapping from hyper-parameter set to the model’s generalization can be regarded as a complex
black box function. The general optimization method is difficult to apply. Bayesian optimization is a very effective global optimiza-
tion algorithm, which is suitable for solving optimization problems in which their objective functions could not be expressed, or
the functions are non-convex,computational expensive. The ideal solution can be obtained with a few function evaluations. This
paper summarizes the basics of the Bayesian optimization based on hyper-parameter estimation methods,and summarizes the re-
search hot spots and the latest developments in the recent years,including the researches in agent model, acquisition function,al-
gorithm implementation and so on. And the problems to be solved in existing research are summarized. It is expected to help be-

ginners quickly understand Bayesian optimization algorithms, understand typical algorithm ideas,and play a guiding role in future

researches.
Keywords Hyper-parameters, Bayesian optimization,Black box optimization, Probabilistic surrogate model, Machine learning
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