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Abstract

Evolutionary programming (EP) is one of the most important methods for numerical optimization. Its main technique is the combi-
nation of mutations and the self-adaption mechanism. In the past years, studies on EP focused on how to improve the efficiency of muta-
tions with different probability distributions, and few of them touched on the question that the self-adaption mechanism did not work
sometimes, but simply followed the original suggestion. So far, no experimental results have shown why this is a question. This paper
firstly gives a primary analysis on the behavior of the self-adaption mechanism, and then presents experimental evidences to show why its
adaptive ability is doubtful.
� 2007 National Natural Science Foundation of China and Chinese Academy of Sciences. Published by Elsevier Limited and Science in
China Press. All rights reserved.
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1. Introduction

As a historical and veteran member of the evolutionary
computation (EC) family, evolutionary programming (EP)
[1,2] has been widely studied and used in the field of numer-
ical optimization in the past years [3–12]. In general, opti-
mization by evolutionary programming is mainly with two
mechanisms: mutation and self-adaption [7,8], where muta-
tions are usually generated by probability-based technique.
According to the probability distribution used by EP, the
classical approach of EP with Gaussian mutations was
called CEP [7,9], and EP with Cauchy mutations was called
fast evolutionary programming (FEP) [7,9]. Although the
only difference between CEP and FEP is the form of the
used probability distribution, this difference showed an
inhomogeneous viewpoint on the search step size: Cauchy

mutation is good at making longer jumps and thus per-
forms significantly better than CEP on a number of multi-
modal problems, while Gaussian mutation is good at
making relatively small jumps and thus performs better
when individuals are near to the global optimum. It seems
that Cauchy mutation and Gaussian mutation is a pair of
paradoxical notion in evolution.

Although FEP outperforms CEP on many multimodal
functions because of the advantage of long jumps gener-
ated by Cauchy mutation, it has the problem of generating
relatively short jumps. One reason is because FEP usually
uses an invariable scale parameter t = 1 in Cauchy muta-
tion. This kind of setting becomes an obstacle for FEP to
reach better performances on various kinds of problems:
Yao et al. [7] carried out a series of empirical and theoret-
ical studies, and found that the optimal value of the scale
parameter t in the Cauchy mutation of FEP is problem
dependent, but is extremely difficult to find the optimal t

for a given problem. In order to reduce the impact of the
setting of t-parameter, the improved FEP (i.e. IFEP) [7]
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was proposed, in which the Gaussian and Cauchy muta-
tions were mixed thus the problem of how to deal with
the setting of t-parameter in Cauchy mutation was avoided.
However, the t-parameter problem remains of significant
value, because it is not an independent problem in Cauchy
mutation. This directs to a crucial question about the capa-
bility of the self-adaption mechanism.

In essence, the key of CEP is ‘‘Gaussian mutation + self-
adaption mechanism”, and the key of FEP is ‘‘Cauchy
mutation + self-adaption mechanism”. It is apparent that
if the self-adaption mechanism was versatile, it should have
the ability of adapting out any size of strategy parameter
that EP needed. Based on this assumption, few different
results between the optimization performance of CEP
and FEP as well as the results between FEP using different
t-parameters exist. Unfortunately, the fact is on the con-
trary: the self-adaption mechanism can neither adapt out
long jumps to help CEP in escaping local minima, nor
adapt out small jumps to help FEP in doing local search.
This fact implies that the self-adaption may be disabled.
For future development, it is important to understand the
capability of the self-adaption.

To have some primary cognitions in this paper, we
firstly give a statistical analysis on the behavior of the
self-adaption mechanism. And then, we view the behavior
of what role the t-parameter in Cauchy mutation plays
together with the self-adaption mechanism. Following a
set of experimental studies further, we find that the self-
adaption mechanism is doubtful.

2. A brief description of evolutionary programming

In evolutionary programming (EP), each individual is
taken as a pair of real-valued vector (xi,gi), "i = 1,2, . . .,
l, where xi’s are objective vectors variables and gi’s are
standard deviations for mutations. For each current indi-
vidual (Xi,gi), the generating method and the self-adaption
equation are [7,8]

X 0iðjÞ ¼ X iðjÞ þ giðjÞNjð0; 1Þ ð1Þ

g0iðjÞ ¼ giðjÞ exp½s0Nð0; 1Þ þ sNjð0; 1Þ� ð2Þ

where Xi(j), X 0iðjÞ, gi(j), and g0iðjÞ denote the jth component
of the vectors xi, x0i, gi, and g0i, respectively; N(0,1) denotes
a normally distributed one-dimensional random number
with mean zero and standard deviation one; Nj(0, 1) indi-
cates that the random number is generated anew for each
value of j. The factors s and s0 are commonly set to be
(2n0.5)�0.5 and (2n)�0.5 [7,8], respectively. Gehlhaar and Fo-
gel’s study [6] showed that swapping the order of (1) and
(2) may improve EP’s performance.

Different from the classical evolutionary programming
(CEP) which uses (1) and (2) above, the idea of FEP is to
introduce Cauchy mutation into (1) to substitute Gaussian
mutation. The one-dimensional Cauchy density function
centered at origin is defined as

ftðxÞ ¼
1

p
t

t2 þ x2
; �1 < t < þ1 ð3Þ

where t > 0 is a scale parameter. The update equation of (1)
is replaced by

X 0iðjÞ ¼ X iðjÞ þ giðjÞdj ð4Þ

where dj is a Cauchy random variable with the scale param-
eter t = 1 and is generated anew for each j. Analytical re-
sults [7] showed that Gaussian mutation is more suitable
for a localized search, while Cauchy mutation is good at
making longer jumps for escaping local minima, thus suit-
able for global search.

3. Analysis on the behavior of the self-adaption mechanism

According to the self-adaption mechanism described in
Section 2, it is clear that whatever the individuals do, and
whether an individual is survived are decided by a certain
selection mechanism, and those initial standard deviations,
i.e. (gii 2 {1,2, . . .,l}), are always changed by the self-adap-
tion mechanism and succeeded as an attached label with
those survived offsprings surviving to the end of the evolu-
tionary procedure. Mathematically, a serial states of gi(t)
from the start to the end of EP exist at least, where t

denotes the time step of evolution, and t = 0 denotes its ini-
tial value. Thereby, the iterative expression of gi takes

giðt þ 1Þ ¼ giðtÞ exp½s0aðtÞ þ sbðtÞ� ð5Þ
where a(t) and b(t) denote Gaussian random number as
N(0, 1) and Nj(0, 1) generated at the t time step respectively.
Hence,

giðkÞ ¼ gið1Þ
Yk

t¼1

exp s0aðtÞ þ sbðtÞ½ �

¼ gið1Þ exp
Xk

t¼1

s0aðtÞ þ sbðtÞ
" #

¼ gið1Þ exp s0
Xk

t¼1

aðtÞ þ s
Xk

t¼1

bðtÞ
" #

Since a(t) and b(t) are Gaussian random numbers with
mean zero and standard deviation one, thereby

lim
k!1

X1

k¼1

aðtÞ ¼ 0; lim
k!1

X1

k¼1

bðtÞ ¼ 0

Thus

lim
k!1

giðkÞ ¼ gið1Þ

The above analytical result implies that the self-adaption
mechanism of Eq. (2) is sensitive to the initial value of g:
starting from the initial strategy parameter, and ending at
the same value. At each time step, the value of g(t) can
be thought as a newly started point, and then the self-adap-
tion mechanism will be repeated later. Thus, it is possible
to observe the behavior of the self-adaption mechanism
with different mutations. It is apparent that simulation
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experiment are useful to find the possible fault of the self-
adaption mechanism, because only one evidence is quali-
fied enough.

First, we observe the capability of the self-adaption
mechanism with the Gaussian mutations. Two illustrative
records are shown in Fig. 1, where the initial value of g is
set to be 3 according to the suggestion of Ref. [7]. We
can see that the shott-time frequency of the change of g
is relatively low. That is, the self-adaption mechanism does
not ensure of generating the expected values for Gaussian
mutation in time.

The second simulation experiment is to observe the
behavior of the self-adaption mechanism with Cauchy
mutation. Since a Cauchy random number d can be repre-
sented as d = (d/a) � a and a is a Gaussian random number,
denote w = d/a, then the one-dimensional form of Eq. (3)
can be written as

X 0iðjÞ ¼ X iðjÞ þ wj � giðjÞ � aj ð6Þ

where Gaussian random number aj is generated indepen-
dently anew for each j. Thus, Cauchy mutation and Gauss-
ian mutation have the similar form in expression: when
w � 1, Eq. (6) denotes one-dimensional Gaussian muta-
tion, and when wj = dj/aj, Eq. (6) denotes one-dimensional
Cauchy mutation. That is, w can be thought as the weight
of g. Therefore, observation on the changed state of w � g(t)

can be used to distinguish the difference between the self-
adaption mechanism with Cauchy and Gaussian
mutations.

Two illustrative records are given in Fig. 2, where the
initial value of g is the same as the former experimental
observation. It is apparent that the short-time frequency
of the change of Cauchy mutations is relatively higher than
that of Gaussian mutations. By the comparative results of
Ref. [7] between FEP and CEP, it seems that the short-time
frequency of the change of g affects the optimization per-
formance directly, because the difference between FEP
and CEP is only in w: CEP takes w = 1, while FEP takes
wj = dj/aj, where aj denotes a Gaussian random number
generated for the jth variance.

Both the update equations of mutations used by CEP
and FEP, and the above simulation experiments showed
that the only difference between Gaussian mutation and
Cauchy mutation is the focus on the weight w. From this
point of view, the reason why FEP outperforms CEP on
many benchmark functions is reasonable: the self-adaption
mechanism cannot work rapidly, while Cauchy mutations,
which can be thought as a weighted Gaussian mutation, is
helpful in making the change of the strategy parameter
much faster. Therefore, the self-adaption mechanism is
not perfect, and Cauchy mutation improves the perfor-
mance of the self-adaption mechanism indirectly.

Fig. 1. Two examples (a) and (b) of the simulated results of self-adaption
for Gaussian mutations with the initial value of g(1) = 3 and the size of
dimension of 30. All the simulated results have the same characteristic of
the short-time frequency.

Fig. 2. Two examples (a) and (b) of the simulated results of self-adaption
for Cauchy mutations with the initial value of g(1) = 3 and the size of
dimension of 30. All the simulated results have the same characteristic of
the short-time frequency.
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4. Experimental evidences

Although Cauchy mutation can make EP faster than
Gaussian mutation does, it was reported [7] that the setting
of t-parameter of Cauchy mutation affects FEP’s perfor-
mance seriously, and it seems that there is no orderliness
to set the t-parameter efficiently. According to the view-
point and analytical results in Section 3, the ability of the
self-adaption mechanism is doubtful still: is it because that
the self-adaption mechanism does not always work
properly?

It can be imaged easily that if the t-parameter problem
in Cauchy mutation is mainly related to the ability of the
self-adaption mechanism, it will be very difficult to find
its setting rule, because the self-adaption mechanism does
not expect outputting a serial of ordered strategy parame-
ters in nature. In order to have an investigation about this
question, here we revise Eq. (4) (i.e. the Cauchy mutation)
as

X 0iðjÞ ¼ X iðjÞ þ F � giðjÞ � dj ð7Þ

where F is a uniform random number bounded in (0, 1].
The meaning of this kind of revision are as follows.

(i) The scaling factor F, as the weight of dj, can be
regarded as the result of different setting of t-param-
eter of Cauchy distribution.

(ii) Since FEP uses an invariable scale parameter t = 1 in
Cauchy mutation, and the averaged search step size
of the Cauchy mutations is longer than that of the
Gaussian mutations, the effect of scaling factor F,
which is bounded in (0, 1), is to randomly make Cau-
chy jumps relatively small.

(iii) If the introducing of the scaling factor F can make
improvements for FEP, it means that the self-adap-
tion mechanism at least losses some ability that the
scaling factor F takes.

For simplicity, here, the FEP using the random weighted
Cauchy mutation Eq. (7) is called the weighted FEP
(WFEP).

No free lunch theorems [13] have shown that under cer-
tain assumptions no single search algorithms is best on

average for all problems. Surely, here we do not expect that
the random set of the scaling factor F performs better on
all problems than FEP does using the constant value
F = 1. Our purpose is to verify a question that if WFEP
outperforms FEP on a number of benchmark functions sig-
nificantly. We denote that the self-adaption mechanism still
has some faults with FEP.

The benchmark functions for experiments are listed in
the Appendix, which are used to confirm the guess above.
f1 and f2 are unimodal functions, f3–f6 are multimodal func-
tions with many local minima, and f7–f9 are multimodal
functions with a few local minima. In the experiments,
the population size l = 100, the initial g = 3, and the oppo-
nents q = 10 for WFEP and FEP are the same. Experimen-
tal results are summarized in Table 1, where all the results
are averaged on 50 runs. We can see that WFEP performs
significantly better than FEP on these problems. The ben-
efits made by the introduced factor F show that the demer-
its of FEP comes mainly from the self-adaption
mechanism.

More detailed recorders of the averaged optimization
performance on f1, f3, and f5 are shown in Figs. 3–5. In
the early period of evolution, the self-adaption mechanism
cannot make strategy parameters relatively large for
WFEP, thus WFEP shows relatively slow convergence
speed than FEP. While in the later time of evolution, the
self-adaption mechanism cannot make strategy parameters

Table 1
Comparison between the standard FEP and the random weighted FEP (WFEP)

Function Gen WFEP mean best FEP mean best WFEP-FEP t-testa

f1 1500 1.03e�4 5.7e�4 �24.625
f2 5000 5.10e�3 0.3 �4.1704
f3 1500 5.80e�3 1.8e�2 �34.928
f4 1500 2.87e�6 9.2e�6 �10.517
f5 1500 3.36e�5 1.6e�4 �10.517
f6 4000 3.075e�4 5.0e�4 �4.2537
f7 100 �9.34 �5.52 �11.297
f8 100 �9.11 �5.52 �7.2610
f9 100 �10.53 �6.57 �8.9176

a All results have been averaged over 50 runs, where the value of t with 49 degrees of freedom is significant at a = 0.05 by a two-tailed test.

Fig. 3. Averaged optimization performance of WFEP and FEP (t = 1) on
benchmark function f1.
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relatively small for FEP, thus FEP shows relatively slow
convergence speed than WFEP. That is, the self-adaption
mechanism cannot provide an appropriate strategy param-
eter at an appropriate time.

5. Conclusions

Evolutionary programming is one of the most important
methods in the field of evolutionary computation. There
are a number of traditional and new applications superior
to EP’s performance [3–5,14–16], and some new innova-
tions of other optimization algorithms [17,18], such as dif-
ferential evolution (DE) [19] and particle swarm
optimization (PSO) [20], are also stimulated by EP’s idea,
specially by the FEP which uses Cauchy mutation.

Most studies on EP in the past years focused on how to
do mutation with different probability distributions. How-
ever, few attention was paid on the self-adaption mecha-
nism. This paper presents a primary investigation in
experiments.

The analytical results can be summarized briefly as fol-
lows: The search step size is important to EP’s perfor-
mance, while the ability of the self-adaption mechanism

is doubtful. Different from the explanation in Ref. [7],
which cannot explain why the t-parameter in Cauchy muta-
tion is a problem, this paper presents another new interpre-
tation of the self-adaption mechanism. This result may be
useful to improve EP’s performance in the future.
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Appendix. Benchmark functions

Sphere model:

f1ðxÞ ¼
X30

i¼1

x2
i ; �100 6 xi 6 100; minðf1ðxÞÞ ¼ 0

Schwefel’s problem 2.21:

f2ðxÞ ¼ max
i
fjxij; 1 6 i 6 30g;

� 100 6 xi 6 100; minðf2ðxÞÞ ¼ 0

Ackley’s function:

f3ðxÞ ¼ � 20 exp �0:2

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1

30

X30

i¼1

x2
i

vuut

0

@

1

A

� exp
1

30

X30

i¼1

cos 2pxi

 !

þ 20þ e;

� 32 6 xi 6 32; minðf3ðxÞÞ ¼ 0

Generalized penalized function:

f4ðxÞ ¼
p
30
f10 sin2ðpy1Þ þ

X29

i¼1

ðyi � 1Þ2½1þ 10 sin2ðpyiþ1Þ�

þ ðyn � 1Þ2g þ
X30

i¼1

uðxi; 10; 100; 4Þ

� 50 6 xi 6 50; minðf4ðxÞÞ ¼ 0

f5ðxÞ ¼ 0:1f10 sin2ðp3x1Þ þ
X29

i¼1

ðxi � 1Þ2½1þ 10 sin2ð3pxiþ1Þ�

þ ðxn � 1Þ2½1þ sin2ð2px30Þ�g þ
X30

i¼1

uðxi; 5; 100; 4Þ

� 50 6 xi 6 50; minðf5ðxÞÞ ¼ 0

where

uðxi; a; k;mÞ ¼
kðxi � aÞm; xi > a

0; �a 6 xi 6 a

kð�xi � aÞm; xi < �a

8
><

>:

yi ¼ 1þ 1

4
ðxi þ 1Þ

Fig. 4. Averaged optimization performance of WFEP and FEP (t = 1) on
benchmark function f3.

Fig. 5. Averaged optimization performance of WFEP and FEP (t = 1) on
benchmark function f5.
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Kowalik’s function:

f6ðxÞ ¼
X11

i¼1

ai �
x1ðb2

i þ bix2Þ
b2

i þ bix3 þ x4

" #

;

� 5 6 xi 6 5; minðf6ðxÞÞ � 0:0003075

The coefficients are defined in Table 2.
Shekel’s family:

f ðxÞ ¼ �
Xm

i¼1

½ðx� aiÞðx� aiÞT þ ci��1

with m = 5, 7, and 10 for f7, f8, and f9, respectively,
0 6 xj 6 10. These functions have five, seven, and ten local
minima for f7, f8, and f9, respectively. xlocal_opt = 1/ci for
1 6 i 6 m. The coefficients are defined in Table 3.
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Table 2
Kowalik’s function

i ai b�1
i

1 0.1957 0.25
2 0.1947 0.5
3 0.1735 1
4 0.1600 2
5 0.0844 4
6 0.0627 6
7 0.0456 8
8 0.0342 10
9 0.0323 12

10 0.0235 14
11 0.0246 16

Table 3
Shekel function

i ai1 ai2 ai3 ai4 ci

1 4 4 4 4 0.1
2 1 1 1 1 0.2
3 8 8 8 8 0.2
4 6 6 6 6 0.4
5 3 7 3 7 0.4
6 2 9 2 9 0.6
7 5 5 3 3 0.3
8 8 1 8 1 0.7
9 6 2 6 2 0.5

10 7 3.6 7 3.6 0.5
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