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ABSTRACT

Efficient global optimization (EGO) is widely used to solve black-box expensive-to-evaluate objectives.
However, when functions are scaled to high dimensions, classical EGO meets problems as it requires
considerable computational overhead (i.e., the huge computation cost of matrix inversion in Kriging). To
address this challenge, we propose a machine learning-based uncertainty prediction method as an emerging
alternative that replaces Kriging with a machine learning model and uncertainty prediction estimation. The
proposed uncertainty prediction method can be applied to most discriminative machine learning models to
solve global optimization problems. This study presents an example that leverages the discriminative super
vector machine (SVM) to build and update the metamodel. A score function based on metamodel prediction,
and an uncertainty estimation method are applied to balance exploration and exploitation. Numerical results
show that our method performs well in high-dimensional benchmark test functions.

1 INTRODUCTION

The optimization methods for black-box, expensive-to-evaluate problems have drawn increasing research
attention in recent years as these scenarios exist widely in real-world applications. One of the biggest
challenges in solving such problems is to find a satisfactory solution with a limited computation budget.

Efficient global optimization (EGO) (Jones et al. 1998) broadly serves as the framework to optimize
expensive, black-box functions. The classical EGO sequentially updates the Kriging (also called Gaussian
process regression) metamodel and then finds the next sample point based on the expected improvement
(EI) infill function under the Gaussian process prior. The El function includes the prediction of input points
and uncertainty prediction based on previous evaluations (Hong et al. 2015).

Uncertainty plays an important role in EGO and helps to find a solution near true global optimum. A
point is expected to improve the objective function and be selected for the subsequent evaluation if its
prediction is significantly better than the current optimum or has relatively high prediction uncertainty.
Without uncertainty, the searching process easily gets stuck in sub-optimal solutions as it ignores exploring
unknown regions.

In general, Kriging and El are the ideal choices for EGO as Kriging provides the prediction variance
and helps to formulate the uncertainty prediction in EI. When applied in high dimensions, the Kriging and
El evaluations become complicated and time-consuming. Machine learning models are reliable and
efficient in high-dimensional problems. Therefore, we propose an uncertainty prediction method based on
machine learning models to replace Kriging and EI, which can solve high-dimensional optimization
problems with faster convergence and less computational cost.
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2 METHODOLOGY

In EGO, the EI function can be written as:
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where the f,,;n IS the current best solution. The @ and ¢ represent the cumulative distribution function
(CDF) and probability density function (PDF) of normal distributions, respectively. §(x) is the Kriging
prediction, and s{g(x)} is the prediction standard deviation. In equation (1), the first item reflects the
exploitation process, which evaluates the difference between the current best solution and the prediction of
potential solutions. The second item is the exploration process which evaluates the uncertainty of the
possible solutions.

Unlike classical EGO heavily rely on the prior distribution of the Gaussian process, our idea is to adopt
a simple but powerful machine learning model as the metamodel and measure uncertainty without assuming
Gaussian distribution. Take the supper vector machine (SVM) as the metamodel as an example. At first,
we distinguish the evaluated points in each iteration into good and bad points based on their properties, and
the dataset D = {X, y} is created with input points X and the corresponding labels y (either +1 or -1). Then,
the modified dataset is used to fit the SVM metamodel g'(x). The proposed infill criterion selects a
promising point based on the prediction and the uncertainty estimation, and then the dataset is updated. The
proposed infill criterion includes a score function for the improvement evaluation and an uncertainty
function for uncertainty estimation. The score function can be written as:
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where x;, §; are the ith candidate point and the predicted class label (either +1 or -1), respectively. The q;
is the coefficient associated with the ith candidate point. The K (x;, x) is the kernel function, and b is a scale.

The uncertainty is quantified based on the variance of score prediction in trained SVM metamodels in
different iterations. With the help of uncertainty prediction, we get more information about unknown
regions and make the solution closer to the true global optimum.

We compare the proposed algorithm with classical EGO on the Griewank test function (Locatelli 2003)
on 20 and 30 dimensions. The design space for the Griewank function is [-10,10]°, and the global optimum
is 0. The number of initial points is 50, and the max evaluations are 1000. Experimental results are shown
in Table 1.

Table 1. Comparison of the proposed method and classical EGO on Griewank 20D and Griewank 30D
functions.

Proposed Method Classical EGO
Mean Std. Mean Std.
Griewank 20D 1.10E-02 6.73E-01 4.71E-02 7.95E-02
Griewank 30D 9.27E-01 8.97E-02 9.96E-01 1.04E-01
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