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Abstract— Many of the optimization problems in the real
world are multi-objective in nature, and NSGA II is commonly
used as a solving tool. Frequently, the multi-objective problems
present a high complexity, so classical meta-heuristic algorithms
fail to solve them in a reasonable amount of time. In this
context, parallelism is a choice to overcome this fact to some
extent. In this paper we study three different models i.e., trigger,
island and cone separation model to parallelize NSGA-II, by
considering 0/1 knapsack problem as a case study. Further,
we emphasize on two factors that scale the parallelism i.e.,
convergence and time. The experimental results conform that
cone separation model is better than other two models in terms
of processing time and approximation to true Pareto front.

Index Terms— MOGA, Parallel MOGA, NSGA-II, 0/1 Knap-
sack problem.

I. INTRODUCTION

Most real-world engineering optimization problems are
multi-objective in nature, since they normally have several
non-commensurable objectives that must be satisfied at the
same time. These problems are known as multi-objective
optimization problems (MOP) [1] in contrast with single
objective optimization problems (SOP). The notion of op-
timum has to be redefined in this context and instead of
aiming to find a single solution; a procedure for solving MOP
should determine a set of good compromises or trade-off
solutions, generally known as Pareto optimal solutions, from
which the decision maker will select one. These solutions
are optimal in the wider sense that no other solution in the
search space is superior when all objectives are considered.
Evolutionary Algorithms (EAs) have the potential for finding
multiple Pareto optimal solutions in a single run and have
been widely used in this area. The optimization goal for a
multi-objective optimization evolutionary algorithm (MOEA)
[1] should achieve the following three objectives:

• The distance of the resulting non-dominated front to the
Pareto-optimal front should be minimized.

• A good distribution of the solutions found is desirable.
• The spread of the solutions obtained should be maxi-

mized (for each objective a wide range of values should

be covered by the set of solutions found).
One of the major drawbacks of multi-objective genetic algo-
rithm (MOGA) is that a relatively large number of solutions
have to be evaluated before generating good results which
is true for multi-objective optimization problems in higher
domain. As a result, a large population size is required for
this. The above mentioned drawback can be compensated by
parallelizing the MOGA.

In multi-objective case, a set of solutions is sought rather
than a single optimum. This opens the possibility of having
the different processors search for different solutions, rather
than to follow an identical goal. There are different models
like trigger model, island model and cone-separation model
proposed by different scientist [5] to implement parallel
MOGA (PMOGA). In this paper, we have implemented the
above three models for solving the real world multi-objective
0/1 knapsack problem and studied their characteristics on the
basis of convergence quality and time factor as parameter.

The paper is structured as follows: Section 2 deals with
review on PMOGA and its models. Section 3 presents
the multi-objective 0/1 knapsack problem. The problem is
evaluated and studied empirically by using the above three
models in Section 4. Finally conclusion is drawn in Section
5.

II. REVIEW OF PARALLEL MOGA MODELS

Evolutionary algorithms are very suitable for paralleliza-
tion, as crossover, mutation, and in particular the time-
consuming fitness evaluation can be performed independently
on different individuals. Since multi-objective evolutionary
algorithm not only search for a single optimum but usually
for a whole set of Pareto optimal solutions, they are even
more in need of efficient parallelization than their single
objective counterpart. There is a vast amount of literature
on how to parallelize multi-objective GAs. The approaches
can be grouped into three categories:

1) Master-slave: Here, a single processor maintains con-
trol over selection, and uses the other processors only
for crossover, mutation and evaluation of individuals.



Trigger model is one type of master slave model. It was
proposed by Turki F. Al- somani and Kabim Qureshi
[1]. In this model the master only triggers the slaves.
Each slave and the master (also perform as a slave
instead of being idle), then creates random initial pop-
ulation, evaluates created individuals, perform whole
evaluation process and then return the final results
to the master. This eliminates the time required to
generate each population at the server for slaves, the
communication overhead and allows for an exhaustive
search of the solution space by the slaves through
random explorations. [5]

2) Island model: In this model, every processor runs an
independent MOGA, using a separate sub-population.
The processors cooperate by regularly exchanging mi-
grants (good individuals). The island model is particu-
larly suitable for computer clusters, as communication
is limited [1].

3) Cone Separation model: It was suggested by Branke
et al. [2] in 2004. The basic idea of this model is to
divide the search space in several regions and assign it
to the different processor. The partitioning of the search
space is adopted at regular intervals by normalizing
the fitness values in such a way that the whole non-
dominated front is within the unit square (hypercube
in more than 2 dimensions). After the normalization,
the fitness space is partitioned into cones by, starting
from the reference point (0, 0) and dividing the 90 ◦

angle encompassing the non-dominated front into equal
parts. Each processor is then assigned one part. The
solutions that reside out sided the designated region
are dominated by all solutions within it. Frequent
normalization adapts the regions to the current search
progress. However, renormalization may cause some
very good individuals to violate the constraints of the
subpopulation they are in. Therefore, whenever the
constraints are adapted, individuals violating the con-
straints are migrated into the population where they do
not violate the constraints. Thereby, individuals are just
added to the receiving population, without explicitly
deleting others. Overall, the approach is integrated into
NSGA-II [3], [6] and works as described in Algorithm
1

III. MULTI-OBJECTIVE 0/1 KNAPSACK PROBLEM

The 0/1 knapsack problem is a widely studied problem
due its NP-hard nature and practical importance. In the last
years the generalization of this problem has been very much
studied. Many papers can be found in the literature about
multi-objective knapsack problem and about the algorithms
proposed for solving them [4], [7].

Generally, a 0/1 knapsack problem consists of a set of
items, weight and profit associated with each item, and an

Algorithm 1 Pseudocode of Cone separation
Initialize the different sub-populations
Normalize fitness values
Determine region constraints Non-dominated sorting
Generate Offspring
while stop-condition do

if (migration) then
Normalize fitness values
Determine region constraints
Migrate individuals violating constraints

end if
Non-dominated sorting
Prune population to original size

end while

upper bound for the capacity of the knapsack. The task is to
find a subset of items which maximizes the total of profits
in the subset, yet all the selected items fit into the knapsack,
[7]. Formally, the multi-objective 0/1 knapsack problem is
defined through (1) and (2).

Given a set of m items and a set of n knapsacks with

pi,j = profit of item j according to knapsack i,
wi,j = weight of item j according to knapsack i,

ci = capacity of knapsack i,
f ind a vector x = (x1, x2, ......, xm) ε {0, 1}m such that

∀ i ε {1, 2, ..., n} :
m∑

j=1

wi,j · xj ≤ ci

(1)
and for which f(x) = (f1(x), f2(x), ..., fn(x)) is maximum,
where

fi(x) =
m∑

j=1

pi,j · xj (2)

In order to obtain reliable and sound result, three different
test problems are investigated where both the number of
knapsacks (i.e., number of objectives) and the number of
items are varied. Two knapsacks (i.e., two objectives) are
taken under consideration in combination with 250, items.
Following suggestions in [7], profits and weights are chosen,
where pi,j and wi,j are random integers in the interval [10,
100]. Also as reported in [7], about half of the items are
expected to be in the optimal solutions when this type of
knapsack capacity is used. Thus, the knapsack capacities
are normally set to half the total weight according to the
corresponding knapsack as indicated in 3.

ci = 0.5 ·
m∑

j=1

wi,j (3)

IV. EXPERIMENTAL STUDY

In this section we present the experimental setup and
discuss the empirical results of each experiment in detail.



TABLE I

PARAMETER SETTING

Processor 1 2 4
Population Size 200 100 50
Crossover Probability 0.8
Mutation Probability 0.016/bit

Termination Condition Average knapsack profit
greater than 10000 or the

movement of non-dominated
solution remains stagnant

for 20 generation
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Fig. 1. Convergence result in trigger model using different processors

A. Experimental setup

The algorithm is implemented using C language on a
multi-core system core i7 with 8 cores, each of 1.6 GHz, 4GB
RAM, under Linux OS. The communication between the
processors has been supported by the free available MPICH
(Message Passing Interface) library. The parameters of the
elitist MOGA are shown in Table I.

B. Experimental results

The experiment is conducted with the very well-known
multi-objective 0/1 knapsack problem. The problem is solved
in trigger model, cone separation model and island model by
using two processor and four processors and it is compared
with the result using single processor. The Figure 1 explains
the convergence result in trigger model. From that figure, it
can be seen that in a single processor the profit is maximum
than two processor and four processors. The convergence
quality detoriates as the number of processor increases. The
convergence of two processors is better than four processors
as shown in Figure 1.

The same thing we get when dealing with cone separation
model (Figure 2) and island model (Figure 3). Figure 4 and
Figure 5 explains the comparative analysis on different mod-
els having two processors and four processors respectively.
While running the experiment it has been observed that in
single processor every independent run terminates due to the
first termination condition (i.e., average profit greater than
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Fig. 2. Convergence result in cone separation model using different
processors
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Fig. 3. Convergence result in island model using different processors

10000). In case of two processor cone separation 10% of the
independent run stop due to the first termination condition
and rest terminates due to the stop of the Pareto movement
(1st termination condition). In all other models, irrespective
of the number of processors, algorithm terminates due to the
steady state of the Pareto. So it can be concluded that two
processor cone separation model is relatively better than any
other model, irrespective of the number of processors. Since
single processor terminates only because of the average profit
exceeds the upper bound (i.e., 10000) we can assume that the
uniprocessor could have converged more, leading to much
more better results.

Again the analysis has been done by considering one
of the basic parallel parameter, i.e., time. The Table II
explains the time taken for convergence of Pareto front in
single processor, two processor and four processors, by using
the cone separation model, island model and trigger model
respectively. The Figure 6 explains the speedup obtained in
different models by increasing the number of processors. By
analyzing it has also been found that the time taken by the
single processor is more due to its characteristics of constant
movement towards the true Pareto front. All other models
take less time than the single processor but the quality of the
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Fig. 4. Convergence result of two processors with different models
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Fig. 5. Convergence result of four processors with different models

convergence detoriates. Hence there is a bit tradeoff between
the time and the convergence.

It is clear that if we consider the time constraint the island
model takes less time for obtaining the Pareto front than any
single and parallel models.

V. CONCLUSION

Parallelizing multi-objective evolutionary algorithms is an
important issue as it is associated with large computation
time with multiple solutions. In this paper, we studied three
different models to parallelize multi-objective genetic algo-
rithms and implemented it on 0/1 knapsack problem. The

TABLE II

TIME TAKEN FOR CONVERGENCE OF PARETO FRONT BY DIFFERENT

MODELS

Model No. Of Porcessor Time Taken (in sec)
Single Processor 1 38.15
Cone Separation 2 11.242

4 15.644
Island 2 13.7107

4 9.0811
Trigger 2 10.4696

4 9.1595

Fig. 6. Speedup analysis among different models

cone separation method provides an opportunity to divide the
search among the different processors and have them search
for different part of the Pareto optimal front. Furthermore
by discussing the convergence parameter, it is concluded
that cone separation model gives better result in comparison
with any other models considered in this paper, irrespective
of any number of processors. While considering the time
parameter it is concluded that, even though single processor
takes more time but its convergency is better than multi-
processor systems.
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