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ABSTRACT 
 

The Gaussian process is a frequently used machine learning model in surrogate-based design optimization and it can even 
be superior with some improvements, such as the applications of multi-fidelity and Bayesian optimization. Therefore, 
finding an efficient multi-fidelity Bayesian optimization framework is of great importance. In this respect, the current 
work tries to introduce an improved multi-fidelity Bayesian optimization framework and compares it with the other 
frameworks (Ficini et al., 2021; Moss et al., 2020). The present algorithm consists of outer and inner loops. The Bayesian 
optimization continues until the convergence criterion is calculated from the optimization of the black-box function 
executed for each outer loop. Subsequently, the optimum point is added to the dataset. Meanwhile, an acquisition function 
such as lower-confidence-bound (LCB) or max-value entropy search (MES) is calculated to get the candidate design 
point(s) in each inner loop. The optimums of the black-box or acquisition function are obtained by a technique consisting 

of the genetic algorithm and a gradient-based method. The benchmark 
study is carried out by using some analytical functions as observation 
methods recommended by Mainini et al. (2022) and Paleyes (2019). In 
addition, the performances are evaluated by the procedure and the criteria 
proposed by Mainini et al. (2022). The frameworks are examined in a way 
that different multi-fidelity models, linear and nonlinear auto-regressive 
Gaussian processes, are tested to represent proper analytical functions. 
Secondly, the other acquisition functions are inquired by adapting them to 
each multi-fidelity framework. Finally, the performances the acquisition 
functions used with different frameworks are analysed for different 
computational cost ratios (η) between the low-accuracy and high-accuracy 
observation methods. As shown in Figure 1, the present framework (MF-
BO) with MES is superior to MUMBO, but LCB(MF-BO) does not 
converge according to the RRMSE criterion. 

Figure 1:  Relative-RMSE of two-fidelity (η=0.1) auto-regressive Gaussian process model vs. computational cost in each 
iteration to optimize 3D Hartmann Function. 
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