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Abstract--Recombination operator plays a very im-
portant role in genetic algorithms. In this paper, we
present binary coded genetic algorithms in which
more than two parents are involved in recombina-
tion operation. We propose two types of multi-par-
ent recombination operators, the multi-cut (MX) and
seed crossover (SX). Each of these operators is a natu-
ral generalization of two parents recombination op-
erator. These operators are evaluated on the De Jong
standard test functions. The results showed clearly
that the multi-parent recombinations lead to better
performance, although the performance improvement
for different techniques were found to be dependent
on problems.

1.  Introduction

In Evolutionary Algorithms (EAs), recombination operation

with two parents is commonly used to produce offspring

(thereby emulating natural sexual reproduction system) [16,

17]. However, there is no necessity to restrict to two parents

recombinations only as EAs allow us to emulate natural evo-

lution in a more flexible manner. A few attempts to study

the effect of using more than two parents for recombination

in EAs are reported in the literature [1, 5, 6, 7, 11, 14]. A

brief review on multi-parent recombination in EAs has been

made in [7]. The first attempt in this line of research was

global recombination in Evolution Strategies (ESs) [11] that

produces one new individual which may inherit genes from

more than two parents. Nevertheless, the number of parents

is not fixed and thus, global recombination does not make

sexuality a graded feature. The same holds for the recently

introduced multi-parent Gene Pool Recombination [14] and

the Gene Linkage method [12] in Genetic Algorithms (GAs).

An extension of ES, the (µ/ρ, λ) multi-recombination strat-

egy [1], uses an adjustable operator with arity ρ.

        Generalized multi-parent recombination operators in

GAs are scanning crossover and diagonal crossover (DX),

introduced in [5, 6, 7]. These operators were evaluated on

the standard test functions with bit string representation and

other types of problems and it was shown that two parent

recombination is inferior on the test functions. In [7], these

operators were evaluated on Kauffman's NK-landscapes

which allow for systematic characterization and user con-

trol of ruggedness of the fitness landscape, and the superior-

ity of sexual recombination on mildly epistatic problems was

found.

        In this paper, we propose two types of new multi-par-

ent recombination operations for binary coded GAs, namely,

the multi-cut crossover operator (MX) and the seed cross-

over operator (SX) and evaluate them on the De Jong stan-

dard functions. In the MX, the number of crossover points

are taken to be identical to the number of parents, and m

offsprings are generated from m parents. On the other hand,

in the SX two parents recombination operation is sequen-

tially used as in a knock-out tournament (in inverse order of

ranks of individuals), and only one offspring is generated

from m parents.

        Experiments to see the effectiveness of the proposed

techniques are performed on the standard test suite of De

Jong [4]. The MX showed consistently good performance

when the number of parents were 4-6. The SX showed bet-

ter performance as the number of parents were increased on

simple test functions such as F1 and F5, and was even bet-

ter than MX. But for the Rosenbrock function (F2), where

strong epistasis exists between parameters, the performance
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of SX deteriorated as the number of parents increased. The

performance of SX, however, was improved when we used

high mutation rate. We also evaluated the DX introduced in

[5, 6] in comparison with MX and it was shown the perfor-

mance of MX outperforms DX on all the test functions.

        In the next section we give detailed description of the

proposed multi-parent recombination operators. In Section

3, we present experimental methodology and analysis of

results. Finally, concluding remarks are made in Section 4.

2.  Proposed Multi-parent Recombination Op-

erators

In this section, we present two types of multi-parent recom-

bination operators, namely, MX and SX. Each of these op-

erators is a natural generalization of two parents recombi-

nation operator.

2.1 Multi-cut crossover (MX)
In MX, the number of crossover points is taken to be identi-

cal to the number of parents m, and m offsprings are gener-

ated from m parents as shown in Figure 1. Although MX is

an extension of  the DX, where the number of crossover

points is taken to be m - 1 as shown in Figure 2, there is a big

difference between MX and DX. The difference becomes

clear for m = 2, where MX is identical to a two-point cross-

over and DX is identical to a one-point crossover. Thus we

can expect MX to inherit the advantages of the two-points

crossover which has better performance than one-point cross-

over.

Figure 2 Diagonal crossover

Figure 1 Multi-cut crossover

2.2 Seed crossover (SX)
In this technique, m parents are chosen and arranged (seed)

according to their fitness values. Then, two parents recom-

bination operation is sequentially (in inverse order of ranks

of individuals) used as in a knockout tournament (see Fig-

ure 3), and only one offspring is generated from m parents.

Thus, the offspring generated by SX tends to inherit charac-

teristics of parents which have higher fitness values. For two-

parent recombination operation, we can choose any type of

operator. In this research, we used the uniform crossover

operator.

Figure 3 Seed crossover
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3.  The Experiments

3.1 Experimental Methodology
The basic evolutionary model we used in these experiments

is the simple GA (SGA) [xx] with population size of 40 and

crossover rate of 1.0. The elite strategy was used.

        The test functions used here are the De Jong test suite

[4] (except F4). F1 is a simple unimodal function and has

the global minimum at (0, 0, 0). F2 has strong inter-param-

eter linkage (epistasis) and has the global minimum at (1,

1). F3 is a discontinuous function with the global minimum

in the rage x
i
 ∈ [-5.12, -5.0) for i = 1,...,5, i.e., in one corner

of the search space. F5 is basically a continuous function,

but it has 25 deep holes and has the global minimum at

 (-31.978, -31.978).

        We evaluated the algorithms by #OPT (number of runs

in which the algorithm succeeded in finding the global opti-

mum) for restricted number of trials. Two hundred runs were

performed. In each run, the initial population P(0) is ran-

domly initialized. Each run continues until the global opti-

mum is found or a maximum of 100,000 trials is reached.

The performance is tested varying the number of parents

from 2 to 8 in steps of 2.
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3.2 Results with normal mutation rate
        Although optimal mutation rate in GAs depend on the

function to be optimized, a mutation rate of 0.006 is often

used in the literature. We first evaluated MX and SX with

this mutation rate (normal mutation rate). Figure 4 shows

the results with this mutation rate.

3.2.1  Results with MX

The results on functions F2, F3 and F5 showed that perfor-

mance increased as the number of parents (m) was increased

from 2. On function F1, the best performance is noticed when

m was 4. Thus we can confirm the effectiveness of the multi-

parents recombination with MX. Comparing MX with DX,

DX also showed similar tendency for increasing number of

parents, but MX consistently showed better performance than

DX on all functions.

3.2.2 Results with SX

The results on functions F1 and F3 showed increase in per-

formance as the number of parents (m) was increased from

2 as with MX. On function F5, the best performance is no-

ticed when m was 4. In the SX, offsprings inherit character-

istics of parents having high fitness to greater extent. As the

number of parents increases, this tendency becomes promi-

nent. Thus, for simple unimodal functions like F1,  it works

well and it worked on F3 and F5 too.

        On the other hand, the results on F2 showed signifi-

cant decrease in performance as the number of parents in-

creased. Since the function F2 has strong epistasis among

parameters and the SX fails to use this linkage information

when m is more than 2, thereby deteriorating the perfor-

mance.

        These results can be observed by comparing MX and

SX directly in Figure 4. On simple unimodal function F1,

SX showed much better performance than MX. On the con-

trary, SX on functions F3 and F5 was a little poorer, and on

function F2, showed much worse performance than MX.

3.3 Results with high mutation rate
        Next we evaluated MX and SX using mutation rate of

0.02, almost three times the normal mutation rate, while other

conditions were maintained at the same levels as in 3.2 Fig-

ure 5 shows the results with this high mutation rate.

3.3.1  Results with MX

The results of MX on all functions with high mutation rate

showed poorer performance than with normal mutation rate.

These results seem reasonable because using the high muta-

tion rate destroys good genetic materials of individuals and

thus offsprings could not inherit the good genetic materials

from their parents.

3.3.2 Results with SX

The results of SX on functions F1, F3 and F5 with high

mutation rate increased the performance as the number of

parents (m) was increased from 2 and the increase in perfor-

mance rate was greater than SX with normal mutation rate

(see Figure 4). On function F2, although the best perfor-

mance was obtained for m = 4, we observed again signifi-

cant decrease in performance as the number of parents in-

creased. On function F2, the SX with high mutation rate did

not work well again, although a little increase in performance

was observed compared with the results with normal muta-

tion rate.

        In SX, since offsprings inherit characteristics of par-

ents having higher fitness to greater extent, the population

has a tendency to lose diversity rapidly. By using high mu-

tation rate, we may compensate the rapid loss of diversity

with SX and get higher performance on functions F1, F3

and F5 in comparison to results with the normal mutation

rate.

4.  Concluding Remarks

In this paper, we proposed three types of multi-parent re-

combination operators, namely, the multi-cut crossover op-

erator (MX) and seed crossover operator (SX) and showed

the effect of multi-parent recombination on the De Jong stan-

dard test functions.

        The MX worked well on all functions tested and the

results showed clearly that multi-parent recombinations with

more than two parents lead to better performance. Further

the MX worked better than the DX. The SX performed well

on simple functions and the performance increased by ap-
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Figure 4  #OPT for restricted number of trials with normal mutation rate (0.006)
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Figure 5  #OPT for restricted number of trials with high mutation rate (0.02)
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plying high mutation rate. But it did not work well with large

number of parents on functions having epistasis.

        In this work, we only tested these operators on a lim-

ited number of test functions. The evaluation of multi-par-

ents recombination operator on systematic test functions is

a topic for future study. The effect of multi-parent recombi-

nation in real-coded GAs is another topic that is currently

being studied [15].
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