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Preface

Around the year of 2001, the first author of this monograph, Zhou, devel-
oped with his collaborators a powerful selective ensemble approach. This
approach is able to produce small-sized ensembles with generalization per-
formance even stronger than that of full-sized ones by exploiting genetic al-
gorithm, a popularly used evolutionary algorithm (EA). Zhou realized that
EAs are powerful optimization techniques that can be well useful in vari-
ous machine learning tasks. At that time, however, EAs were almost purely
heuristic, not favored by the machine learning community with strong the-
oretical flavor. Impressed by the successes of EAs in applications, Zhou be-
lieved there must be some theoretical explanations behind their mysteries
and decided to start this track of research. In 2004, the second author of
this monograph, Yu, finished his bachelor thesis on selective ensemble un-
der the supervision of Zhou. Yu then joined Zhou as a PhD student taking
theoretical aspects of EAs as his thesis topic, and obtained PhD degree in
2011. In 2009, Zhou accepted the third author of this monograph, Qian, as
his PhD student with theories and algorithms of evolutionary learning for
his thesis topic, and Qian obtained his PhD degree in 2015. Overall, the ma-
jority of contents in this monograph are research results achieved by the
authors during the past two decades.

This monograph is composed of four parts. Part I briefly introduces evo-
lutionary learning and some preliminaries. Aiming at analyzing the running
time complexity and the approximation ability, the two essential theoretical
aspects of EAs, Part II presents two general approaches for deriving running
time bounds and a general framework for characterizing the approximation
performance. These results serve as general tools for attaining many theo-
retical results reported in the remainder of the monograph. Part III presents
a series of theoretical studies, mainly about the influence of major factors,
such as recombination, solution representation, inaccurate fitness evalu-
ation, population, etc., on the performance of EAs. In Part IV, the authors
come back to selective ensemble, their original motivating task for study-
ing EAs, and present algorithms behaving at least as well as state-of-the-art
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selective ensemble algorithms. The authors then study subset selection, a
more general problem widely occurring in various machine learning tasks,
and present a series of evolutionary learning algorithms with bounded ap-
proximation guarantees.

The authors hope that the general theoretical tools presented in Part II
can be found useful for interested readers to explore theoretical founda-
tions of evolutionary learning, the theoretical results presented in Part III
can help readers to get more understanding about behaviors of evolution-
ary learning processes and offer some insight for algorithm design, and the
algorithms presented in Part IV can be found useful in real-world applica-
tions of machine learning.

The authors want to thank their families, friends and collaborators.
Gratitude goes to Celine Chang and Alfred Hofmann who encouraged authors
to publish this monograph with Springer.

The authors
February 2019



Notations

R real number

N integer

(·)+ positive, (·) can be R or N

(·)0+ non-negative, (·) can be R or N

x variable

x vector

(·, ·, . . . , ·) row vector

0,1 all-0s and all-1s vectors

| · |0, | · |1 number of 0s and 1s of a vector

{0, 1}n Boolean vector space

X matrix

(·)T transpose of a vector/matrix

X set

{·, ·, · · · , ·} set by enumeration

[n] set {1, 2, . . . , n}
| · | cardinality of a set

2X power set of X, which consists of all subsets of X

X \ Y complement of Y in X, which consists of elements
in X but not in Y



VIII Notations

x state of a Markov chain

X state space of a Markov chain

P(·),P(· | ·) probability and conditional probability

π probability distribution

f function

E·∼π[f(·)],E·∼π[f(·) | ·] expectation and conditional expectation of f(·)
under distribution π, simplified as E[f(·)],E[f(·) | ·]
when the meaning is clear

I(·) indicator function which takes 1 if · is true, and 0
otherwise

�·�, �·� floor and ceiling functions which take the great-
est/least integer less/greater than or equal to a real
number

OPT optimal function value

Hn n-th harmonic number, i.e.,
∑n

i=1(1/i)

∀ for all

∃, � there exists, does not exist
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