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Abstract— The balance between exploration and exploitation
is an important issue when attempting to find the global minimum
of an objective function. This paper describes how this balance
may be carefully controlled when using Kriging surrogate models
to approximate the objective function.

. INTRODUCTION

A common technique for reducing computational cost in
electromagnetic optimal design problems is to use surrogate
models to approximate the relationship between the design
variable space and the objective function space. A range of
different methods are available for constructing the surrogate
model, one of which is Kriging [1]. Kriging surrogate models
have the advantage that useful information regarding their
accuracy can be obtained, which may then be exploited when
choosing the next points to evaluate during optimization, as
‘utility functions’ may be constructed which seamlessly
balance the predicted value of a point’s objective function
value with the uncertainty in this prediction, thus providing a
useful way to achieve the balance between exploration of
unknown regions of objective space and exploitation of
attractive areas of objective space. This paper discusses the
range of such utility functions now available.

II. UTILITY FUNCTIONS

Denote by ymin the minimum objective function value
attained in the set of examples used to construct the Kriging
surrogate model. At an unevaluated design vector x, denote its
objective function value as predicted by the Kriging surrogate
model by », and the root mean squared error in this prediction
by s. Then by writing
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the “expected improvement” utility function may be defined as

(2]:

EIF[1(x)]= (3 = )P () + s/ (u) @

where ¥ is the standard normal distribution function and y is
the standard normal density function. This utility function is
composed of two terms, the first favoring design vectors with a
small predicted objective function value, the second favoring
design vectors with large uncertainty in their predicted
objective function value. Thus the function is a fixed
compromise between exploration and exploitation.

The “generalized expected improvement” utility function is
defined as [3]:
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T, = —glu)™ + (k—1)T,_,, (4)
with
T, = ®(u) (5)
T, =—¢(u). ©)

The integer parameter g in (3) controls the balance
between local and global search, with larger values of g
resulting in more emphasis being placed on searching globally.
By varying the integer g during an optimization search the
emphasis between searching globally and locally can be
controlled.

Recently, the “weighted expected improvement” utility
function has been proposed in [4]:

WELF[1(x)]= W(y 0y, = 3)¥ (1) + (1= w)s () ™

where the real valued parameter w (which is set between 0 and
1) controls the balance between the first and second terms, and
thus between searching locally or globally. By varying the
value of w during an optimization search, the balance of
searching globally and locally can again be controlled.

1. RESULTS

Each of the proposed utility functions are naturally suited
for use in electromagnetic design optimization, as they allow
the balance of exploration and exploitation to be carefully
controlled, whilst computational cost is kept to a minimum.
Results on mathematical test functions have shown them to be
very efficient in locating global minima. Details of their
performance in the optimization of electromagnetic devices
will be given in the full paper.
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