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Abstract 

 
A good selection of the internal parameters of a genetic algorithm may reduce the optimization speed 
considerably. We studied the effects of two key parameters, namely population size and relative elit-
ism, on the optimization speed and reliability. We found that changing one parameter can be compen-
sated for changing another. By penalizing for the unreliability of the genetic algorithm the optimum 
combination of the parameters shifted. By using a meta-GA we found relationships between the total 
population size, relative elitism, and the penalty parameter.  
Keywords: genetics algorithms, meta-GA, optimization, GA parameters. 

 

1   Introduction 

Genetic algorithm (GA) is the most popular artificial 
evolutionary algorithm used successfully in difficult 
optimization and search problems. It consists of a 
population of trials, a fitness function to map the 
genotype trials to real numbered phenotypes, and a 
set of genetic operators to create new trials. GA has 
several parameters to be selected or tuned, and many 
alternative implementations for any problem. These 
include the formalization of the objective function 
and the genotype-phenotype mapping, selection of 
genetic operators, selection method, and tuning of 
parameters such as population size, elitism, mutation 
rate, etc. (Alander, 1994; Alander, 2002: Darwin, 
1998; Koljonen et al, 2004, Nordling et al, 2004). 

The selection of the GA parameters and problem 
representation has a crucial effect on the GA per-
formance – optimization speed and reliability. In 
literature, these have been intensively studied both 
theoretically (Alander, 1992; Alander, 2002; Gao, 
2003; Rees et al, 1999a; Rees et al, 1999b) and 
empirically (Alander, 1992; Alander, 2002; Rees et 
al, 1999a), yet no final conclusions can be drawn 
due to the diversity of different kinds genetic algo-
rithms and problem domains. 

In this paper, we continue (Alander, 1992; 
Alander, 2004) to study the effect of the population 
size and relative elitism on optimization speed and 
reliability. If tuning GA parameters to the optimal 
speed, e.g. in mean sense, the probability that the 
GA becomes stuck without finding a solution within 

the maximum number of generation may increase. 
That is why we are also interested in the reliability. 

 

2   Hypotheses and approach 

We used an empirical approach to study the effect of 
population and elite size. The GA was run with two 
test problems and several parameter combinations. 
With each configuration the statistics of the GA 
performance were recorded. 

The optimization speed was measured by the 
number of new individuals created i.e. the number of 
fitness function calls (trials), inclusive the initial 
population. The optimization reliability was in turn 
measured by the fitness of the best individual trial at 
the end of the optimization (when a solution was 
found or the maximum number of trials was evalu-
ated). We always minimized and the best fitness was 
zero if a solution was found and larger than zero 
otherwise. 

2.1   Objective parameters 

In our genetic algorithm the population is subdi-
vided into elite and immature population consisting 
of the latest offspring. The population is sorted by 
the fitness values of the individuals. The parents of 
the offspring are randomly drawn from the elite by a 
uniform probability distribution. Consequently, the 
individuals in the immature population do not have a 
chance to be selected as parent; it is merely a place 
to temporarily place the offspring before sorting. 



  

We studied the effect of the sizes of these sub-
populations. The size of the elite is denoted by ne 
and the size of the immature population by ni. The 
total population size is thus ne + ni and relative elit-
ism is defined as ne/(ne + ni). By nmax we denote the 
maximum number of individuals allowed to be cre-
ated during a GA run. 

We presumed that the elite size is more impor-
tant, because it contains the alleles the offspring 
inherit. Furthermore, we assumed that by having 
only a small immature population – i.e. by almost 
immediately either inserting the offspring into the 
elite, if fit enough, or rejecting it – we could speed 
up the GA in some cases. We believed that if good 
gene combinations were produced, it would be prof-
itable to allow them spreading freely. On the other 
hand, we understood that it could cause premature 
convergence if its alleles occupied the population 
too fast. One can interpret that the smaller ni the 
more local the search is. 

The other principal parameters were fixed. We 
used uniform crossover (Syswerda, 1989) and muta-
tion rate 0.1 genes mutated per individual. 

2.2   Test problems 

As a test problem, we decided to use a variation of 
the popular benchmark problems one-max, where 
the Hamming distance to the all ones bit string is 
maximized. In our variation, the target bit string is 
randomly selected, and the fitness value is the Ham-
ming distance (HD): 
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where x and y are bit vectors, xi and yi the ith ele-
ments of the vectors, and n the dimension of the 
vectors. 

This problem is GA-easy because the fitness 
function directly tells how many bits are correct. The 

more bits are correct the more probable it is that 
uniform crossover produces solutions. Hence, the 
fitness function guides the GA effectively. 

The other test fitness function (FF) was square-
root distance (SRD) of the phenotype to the target 
phenotype, rounded down to the nearest integer. By 
changing the target of the problems, the fitness land-
scape changes. The subscript indicates the target, 
e.g. SRD127. One can also select the number of bits 
and thus change the range of the FF. The SRD fit-
ness function is: 

fitness phenotype target = −
 

. (2) 

 

3   Optimization speed 

We wanted to study how the elite size and relative 
elitism affect GA optimization speed. We used 16 
bit Hamming distance fitness function and 10 bit 
square-root FF. With the HD and the SRD the GA 
was allowed to create at maximum 400 and 800 
individual, inclusive the initial population, respec-
tively. The GA was run 200 times with the same 
population size parameters (ne and ni), and the statis-
tics of the optimization speed and reliability were 
recorded. 

3.1   Results and discussion 

The population size ranges were the following: For 
the Hamming distance ne = {8,16,24,32,40,48} and 
ni = {1,2,3,…,50}, and for the square-root distance 
ne = {8,16,32,64,128} and ni = {1,2,3,…,100}. The 
results are shown in Figures 1, 2, and 3. 

In Figure 1, it is seen how the optimization speed 
depends on the population size parameters when the 
test function was the Hamming distance and the 
square-root FF. For the HD, the valley representing 
the optimal parameter combinations is close to the 
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Figure 1: Average number of fitness evaluations with the Hamming distance (left) and the square-root function 
(right). 



  

origin and narrow. Little changes in population size 
affect optimization speed a lot. Moreover, ne and ni 
seem to be inter-correlated, i.e. decreasing one can 
be compensated by increasing the other. The SRD 
problem was more difficult than the HD, over 300 
fitness function calls compared to over 100 with the 
HD, although it had fewer genes than the HD (12 
bits versus 16 bits). The optimal population size 
valley is flatter than with the HD. 

Results with these problems suggest the opposite 
to the belief (Alander, 2002) that even smaller than 
optimal values were not harmful to optimization as 
the slopes away the optima are relatively equally 
steep in both directions. The reason for this illusion 
is probably the optimization speed measure (average 
of the individual created). With small populations 
there are both good and bad cases. However, as the 
maximum number of individuals was limited, the 
poor cases do not affect the mean value signifi-
cantly. In this case order statistic measures like me-
dian indicate the premature convergence tendency 
better as Figure 2 demonstrates. At small population 
sizes the slope of the median is very steep. On the 

other hand, the graph of the median is rough at the 
transition points probably due to the statistical prop-
erties of median. 

An even earlier indication of the risk of prema-
ture convergence is given by standard deviation 
(Figure 3). Actually, sometimes even before mean 
performance achieves its minimum, standard devia-
tion begins to grow. 

 

4   Optimization reliability 

Optimization speed is only half of the story. Particu-
larly in real time GA applications, both speed and 
reliability are desired. A solution has to be found 
within a limited time and it has to be good enough. 
Sometimes sub-optimal solutions are permitted and a 
compromise between speed and robustness is done. 

4.1   Reliability surfaces 

We measured the reliability with the best fitness of a 
GA run for a limited maximum number of fitness 
function calls. The best fitness was averaged over 
200 GA runs. The population sizes were varied in 
the same manner as mentioned in section 3.1. 
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Figure 4: GA optimization reliabilities (mean of the best fitness) of the Hamming distance function (left) and the 
square-root distance (right) are similar in shape but have different scales. 
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Figure 2: The median value of the optimization 
speed for SRD is rougher than the average and there 
is a sharper edge on small population values indicat-
ing premature convergence. 
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Figure 3: Standard deviation vs. population sizes for 
SRD. 



  

The optimization reliability surfaces are shown 
in Figure 4. As presumed, the larger the populations 
the more reliable the optimization. Full reliability 
can almost be achieved for both test functions.  

However, with speed-optimal population sizes 
the reliability is not complete. Henceforth, a com-
promise may be desirable. 

4.2   Cost function of speed and 
reliability 

To make a compromise between speed and reliabil-
ity we need some criterion. Let us define a cost func-
tion ε that rewards for speed and penalizes for unre-
liability. A simple cost function is a linear combina-
tion of speed and reliability with a penalty parameter 
a: 

( )a fitnessevaluations a bestfitε = + ⋅ . (3) 

4.3   Cost function surfaces 

The cost function has only one tunable parameter, 
whose selection is up to the designer of the GA. The 
effect of the penalty parameter, i.e. the cost function 
surface with respect to population sizes, is demon-
strated in Figure 5. 

The conclusion is that increasing the penalty pa-
rameter makes the surface steeper at small popula-
tion sizes and moves the cost function minimum to 
larger populations. Because the fitness value is sto-
chastic, it is hard to localize the population size 
optima with respect to different penalty parameter 
values. To overcome this difficulty we took the 
advantage of using another GA, called meta-GA, to 
find the optima. 

 

5   Meta-GA optimization 

The cost function enables to compromise between 
optimization speed and reliability. If we increase 
penalty parameter a, we emphasize more reliability. 
We showed in the previous section that changing a 
may move the population size optimum. Next we 
minimize the cost function with a meta-GA. 

5.1   Method 

Meta-GA is a method to optimize the GA parame-
ters by another GA. In other words, the problem of 
selecting parameters is now another optimization 
problem, which is stochastic due to the stochastic 
nature of the GA (Mansfield, 1990; Alander, 2002; 
Bäck et al, 2002). In the literature, many variations 
of meta-optimization have been proposed. Some-
times another GA can be avoided as the GA itself 
optimizes its parameters (See e.g. Hartono et al, 
2004). 

A meta-GA is similar to a regular GA, but the 
individuals are GAs, too (Figure 6). The meta-GA 
runs as many GAs, i.e. the actual optimization prob-
lems, as its population size is. The fitness function is 
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Figure 5: The effect of penalty parameter. The minimum with a = 50 (left) is lower and closer to the origin than 
with a = 750 (right). The test fitness function was the Hamming distance. 
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Figure 6: The principle: Meta-GA optimizes the 
parameters of the actual GAs. 



  

defined by measuring GA performance: now we use 
the cost function e(a), which is stochastic. 

5.2   Results with Hamming distance 

To demonstrate the stochastic nature of the meta-GA 
fitness function (cost function e) we have plotted the 
meta-fitness against the meta-GA generation (Figure 
7) with four different values of a. The ne and ni fluc-
tuated heavily during the meta-GA optimization, 
because the optimum is a flatter valley. Figure 8 
shows that the optimal total population size has less 
fluctuation. During the last ten generations the de-

crease in fitness was small. Hence we decided to use 
the average of the last ten meta-GA generations 
when determining the optimal population sizes with 
respect the penalty parameter a. 

The optimal elite and immature population sizes 
are plotted against a in Figure 9. The optimal elite 
size seems to increase linearly and the immature 
population size perhaps more or less logarithmically 
with increasing a. However, these conclusions may 
be too daring considering the small sample size and 
the internal variation. 

The optimal total population size and relative 
elitism vs. a are shown in Figure 10. It indicates 
quite strong logarithmic dependence (R2 = 94 %). 
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Figure 7: Fitness of the meta-GA ε(a) vs. generation 
of the meta-GA. The stochastic nature of the fitness 
function is visible. 
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Figure 9: The optimal ne (left) and ni vs. penalty parameter. The relationships are quite linear and logarithmic, 
respectively. 
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Figure 10: The optimal total population size (left) depends logarithmically on the penalty parameter. Relative 
elitism vs. the penalty parameter (right). 
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Figure 8: Total population size during optimization. 
The converged levels with different values of a are 
clearly separated and in the expected order. 



  

This result is more reliable as the total population 
size was found to vary less during optimization (see 
Figure 10). Yet only qualitative conclusions should 
be drawn: total population size should be increased 
logarithmically and elite size almost linearly when 
increasing a. The relative elitism should be in turn 
decreased, which corresponds to more global search. 

5.3   Results with square-root distance 

The same procedure of meta-GA optimization was 
also carried out with the other test problem, square-
root distance. Now we used two fixed targets, the 
GA easiest one (SRD0) and the GA hardest one 
(SRD127) of the SRD family, in order eliminate the 

variation between different targets without the need 
for impractical number of runs. 

The meta-fitness depends almost linearly on the 
penalty parameter with both targets (see Figures 11 
and 12). We see also from the meta-fitness that the 
SRD127 is more GA difficult than the SRD0. We can 
conclude, as for the SRD0, that the total population 
size must be increased quite logarithmically when 
increasing penalty parameter a. The same holds for 
the population size of the SRD127 given in Figure 12. 
Moreover, we can see that a larger population is 
required for optimal GA performance for the easy 
SRD0 than for the difficult SRD127. 

Finally, the relative elitism is plotted against the 
penalty parameter a in Figure 13. Despite high vari-
ance we can conclude that the tendency is downward 
as a increases i.e. to a more global search. Further-
more, it suggests higher elitism (more local search) 
for the easier SRD0 than for the more difficult 
SRD127. However, variation is great and no statisti-
cally significant conclusion can be drawn. 

 

6   Conclusions 

The population size is a key parameter of a genetic 
algorithm. We have introduced two population size 
parameters: elite size and relative elitism. We stud-
ied their influence on the optimization speed and 

80

100

120

140

0 200 400 600 800 1000

a

m
et

af
it

n
es

s

0

10

20

30

40

50

0 200 400 600 800 1000

a

p
o

p
u

la
ti

o
n

 s
iz

e

ne+ni

ne

ni

 
Figure 11: With the easiest square-root function (SRD0) the penalty factor has an almost linear effect on the 
meta-fitness (left). Optimal population sizes with respect to a with the SRD0 (right). 
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Figure 12: Meta-fitness vs. penalty factor with SRD127 (left). Optimal population sizes with SRD127 (right). 
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Figure 13: Relative elitism vs. penalty factor with 
SRD0 (solid) and SRD127 (dotted line) 



  

reliability. The results confirmed the common belief 
that decreasing population size increases optimiza-
tion speed to a certain point, after which premature 
convergence slows the optimization speed down. 
The optimization reliability in turn usually increases 
monotonically with increasing population size. 

The optimization speed and reliability were com-
bined into a cost function that penalizes for unreli-
ability. The optimal population parameters were 
searched with a meta-GA approach with a set of 
penalty parameters. We found that the optimal popu-
lation size increases and relative elitism decreases 
(corresponding to more global search) with increas-
ing penalty parameter i.e. higher reliability require-
ment. However, the results should be considered 
only qualitatively due to high variance.  Moreover, 
results from the two test functions, Hamming dis-
tance and a discrete square-root distance, indicate 
that the optimization speed and reliability landscapes 
vs. population size parameters have different shapes. 
The same holds partly on the optimal population 
sizes with respect to reliability requirements. As a 
conclusion, qualitative thumb-of-rules can be given 
but not precise quantitative ones. 
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