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1 Introduction

A large set of optimization problems can be presented as a binary problem where any solution
is encoded as a bit string of n bits and the fitness function is a pseudo-Boolean function. This
convenient encoding helps the development of general operators for Evolutionary Algorithms
(EA) as bit mutation operators based on probabilistic law such as the binomial law or uniform
law or normal law. These bit mutation operators’ principle is to determine the number of
bits k£ and then flip k random bits from the bit string. The most recommended bit mutation
operator was for a period to always flip 1 bit (flip;) or the standard bit mutation (binomial
distribution) with a mutation rate of % However several works have shown an interest in
considering other operator distributions. In [2] a survey of the recent progress in the theory
of EA is proposed. It is presented a list of research papers on the theoretical convergence rate
of (1 4+ \) EAs with various mutation operators. In [4], the authors proposed a new mutation
operator named Fast mutation for the (14+1) EA. It is shown that using a standard bit mutation
operator is not optimal for the (1 + 1) EA in particular when there is a jump function. One
improvement was to flatten the operator distribution creating a "fat tail". Indeed, getting out
of a local optimum may require an important mutation. Since then, the Fast mutation has
demonstrated its efficiency in other contexts [1, 2] The authors of [3] numerically computed
optimal unary unbiased mutation operators for the (1 + A) Evolutionary Algorithm (EAs)
optimizing OneMax.

1.1 Generalized bit mutation

To represent any possible distribution, the most naive way is to directly assign a value to
P(X = k), the probability of flipping k bits, for each in {1,...,n}, where n is the bit string
size. We name this operator Generalized Bit Mutation GBM. However, configuring GBM is
theoretically difficult. In fact, it is a question of optimizing a vector of n parameters respecting
a norm of 1. To ease the configuration step and don’t lose too much generality, we suggest two
trade-off strategies:

1. GBM buckets: consist to define a fixed number of connected buckets. The strategy is
to determine for each bucket b € B its length [, and its corresponding probability p.
The inner distribution of each bucket is uniform. Figure la illustrates the two sets of
parameters, L = (Iy)pcp and P = (pp)pep, and the resulting distribution.

2. GBM segments: consist to define a fixed number of segments. The strategy is to deter-
mine for each segment s € S the first number of bits represented by as and its length
rs. The inner distribution of each segment is uniform and when segments overlap, the
probabilities are summed. Figure 1b illustrates the two sets of parameters, A = (as)scs
and R = (rs)ses, and the resulting distribution.
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2 Quality measure

Comparing operators should be done using a proper criterion. To avoid unnecessary compu-
tation time if we assume that the optimal fitness is known, we fix a budget for the number
of evaluations and stop the EA when either the budget is reached or the optimal fitness is
reached. As we want to configure operators on problems from various difficulties, we define
a criterion based on the required number of fitness evaluations compared to the evaluation
budget and on the best fitness found compared to the optimal fitness. The quality measure is
then described by Equation 1 and should be minimized.

evaluations optimal fitness — fitness

(1)

uality =
4 Y evaluationbudget fitness

This metric is easily interpretable as shown in Table 1.

quality evaluations fitness
<1 quality - evaluation budget | optimal fitness

optimal fitness
quality

>1 evaluation budget

TAB. 1: interpretation of the quality measure
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