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1. Introduction

The efficient execution of an application on a parallel and distributed system highly depends on
the decisions taken for scheduling the tasks that constitute the program. One solution for obtaining
efficient parallel programs execution is task clustering. It corresponds to assign the tasks to clusters
where each cluster is run on a single processor. For most of the new distributed platforms avail-
able today, communication delays are the main factor that affects the performance of these systems.
Communications are usually relatively high in regard to basic execution time. The problem of clus-
tering the tasks to be executed on a multiprocessor computer is one of the most challenging problems
in parallel computing. There is no fully satisfactory results for the task clustering problem if large
communication delay is considered.

We are interested here in the task clustering problem on an unbounded number of processors tak-
ing into account large communication delays. To solve it, we introduce a new genetic algorithm(GA)
approach which has nice properties called Genetic Convex Clustering Algorithm (GCCA). The main
idea is to assign tasks to locations in convex groups. We consider arbitrary execution time. We pro-
pose a novel crossover operator in the context of the task clustering problem.

The remainder of this paper is organized as follow. Section 2 presents the task clustering problem.
An analisys of convex clusters properties will be presented briefly in Section 3. Section 4 introduce
the GCCA, which considers the convex cluster properties. Section 5 evaluates the performance of
the GCCA . Finally, Section 6 concludes this paper.

2. Task Clustering

Let us start by some preliminaries. As it is common, an application to be parallelized is repre-
sented as a precedence task graph. A precedence task graph is a weigthed acyclic digraph (DAG)
G=(V,E), where V is the set of tasks nodes, which are in one-to-one correspondance with the com-
putational tasks in the application and E represents the set of the precedence relations between the
tasks.

Clustering is often used as a compile-time preprocessing step in mapping parallel programs onto
multipocessor architectures. In this context, given a precedence tasks graph and infinite number
of fully connected processors, the objective of clustering is to assign the tasks to processors. The
task clustering problem is NP-Hard [1][2], even when the number of processors is unbounded and
tasks duplication is allowed. For most of the new parallel and distributed platforms available today,
communication delays are the main factor that affects the performance. There is no fully satisfactory
results for the task clustering problem if large communication delay is considered despite the result of
Papadimitriou and Yannakakis [3], who proposed a constant approximation ratio when replication of
tasks is allowed. If no replications are allowed, the problem of clustering with large communication
delays has no satisfactory solution today. Thus, practical solutions have been proposed, based mainly

709



on three different heuristics: the algorithms based on the critical path analysis [1][4], priority-based
list scheduling [5] and based on graph decomposition [6][7].

Another heuristic method used in the task clustering problem and scheduling context is the meta-
heuristic known as Genetic Algorithm(GA) [8][9][10][14]. A genetic algorithm is a guided random
search method where elements (called individuals) in a given set of solutions (called population)
are randomly combined and modified (these combinations are called crossover and mutation) until
some termination condition is achieved.

In this paper we introduce a new genetic algorithm approach which has nice properties called
Genetic Convex Clustering Algorithm (GCCA). The main idea and the force of GCCA approach is
to assign tasks to locations in convex groups. In the following sections we will detail this approach.
First, we will analyze the convex cluster properties, after that the GCCA will be presented.

3. Analysis of Convex Cluster

In this section, we describe the convex cluster algorithm. The main idea is to assign tasks to
locations in convex groups. We consider arbitrary execution time and large communication delays.

In the following, as introduced in Section 2, we consider a precedence tasks graph for representing
the application to be parallelized. Let G=(V, E) denote such a graph. Let ≺ be the partial order of
the tasks in G, its inverse relation �≺ and ∼ the equivalence relation defined as follows: for x and y
∈ V, x ∼ y if, and only if x �≺ y and y �≺ x. If two tasks x and y are such that x ∼ y we say that x
and y are independent.

Definition 1 A group of tasks T ⊂ V is said convex if and only if all pairs of tasks (x, z) ∈ T , all
intermediate task y such that ∀ y, x ≺ y

∧

y ≺ z =⇒ y ∈ T [7].
An example of convex cluster is depicted on Figure 1. A precedence task graph is depicted on

left of Figure 1. Each node label shows the number of task and each edge label shows intertask
communication cost between tasks. Each label beside of the nodes represents the task computation
cost. The intra-communication cost (inside each cluster) on the clustered graph is zero.
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Figure 1. On left, a precedence task graph is depicted. In the middle, the graph is clustered on a
valid convex cluster. On the right, we have a clustered graph but it is not convex.

The convex clustering has the following properties:
Property 1. The convex cluster is a particular class of Processor Ordered Schedule [11], it

means, if a cluster is assigned to processor i, the predecessors of all tasks belonging to this cluster
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are into the processors with index less than i.
Proof. The proof is by contradiction. Let assume that a cluster Ci is not convex and is assigned

to processor with index i, then there exist x and z ∈ Ci and y ∈ Cj assigned to processor with index
i + 1 such that x ≺ y ≺ z. As x ≺ y, there exists a path between processors i and i + 1, and similarly
there exists a path between processors i + 1 and i because y ≺ z. It is impossible by definition of
convex cluster and by definition of processor ordered schedule.

Proposition 2. The resulting clustered graph in a convex cluster is a Directed Acyclic Graph.
Proposition 3. This class of algorithm with the convex cluster properties and taking into account

unit execution time and large communication delays was proved to be 2-Dominant, that is, there
exists a convex clustering whose execution time on an unbounded number of processors is less than
twice the time of an optimal clustering.

So, this makes a good solution for solving practical scheduling algorithms since we expect to be
able to schedule more easily convex clusters than general graphs.

Now that we have shown the strength of convex clustering, it remains to find a ”good” convex
clustering. For this problem in [7] proposed an algorithm based on a recursive decomposition of the
precedence task graph. This algorithm does not allow to obtain all the convex clusters. The problem
of convex cluster based on a recursive decomposition is NP-Complet [13]. So, to build all the convex
cluster we propose to use genetic algorithm.

4. Genetic Convex Clustering Algorithm

Genetic Algorithm (GA) is a guided random search algorithm based on the principles of evolution
and natural genetics. It combines the exploitation of past results with the exploration of new areas
of search space. By using survival of the fittest techniques and a structured yet randomized informa-
tion exchange, genetic algorithm can mimic some of the innovative flair of human search. Genetic
algorithm is randomized but not simple random walks. It exploits historical information efficiently
to speculate on new search points with expected improvement [12].

The research on using GAs for clustering and scheduling tasks in parallel computing is an active
research, with many papers showing the potential use of this class of algorithms [10][14]. Each
approach contains its own characteristics, but the main difference of these algorithms is the repre-
sentation of a solution. In this section, we describe our proposed approach.

4.1. Algorithm design
The Grouping Genetic Algorithm is a genetic algorithm heavily modified to suit the structure of

grouping problems. Those are the problems where the aim is to find a good partition of a set, or to
group together the members of the set [15]. GCCA belong to this class of algorithm. To represent a
valid solution and to handle the genetical operators (i.e crossover) with convex cluster, we proposed
the following representation.

Coding
A solution representation of a task clustering problem based on convex cluster is feasible if it

satisfies the following conditions:
1. Each task of the precedence tasks graph belongs to exactly one cluster.
2. The restriction of convexity must be fulfilled.
3. The fitness function of GCCA depends only on the clustering of the tasks, rather than the

numbering of the cluster.
To represent a valid convex cluster, we propose a bichromosomal representation. The first chro-
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mosome encoded the number of tasks and the second chromosome encoded the number of groups.
We augmented this representation with a group part, that is, the group part encoding the cluster on
a one task for one cluster basis. The length of the bichromosomal representation is equal to the
number of tasks and the length of the group part representation is variable and this one depends on
the numbers of clusters. The Figure 2 depicts a valid solution representation, meaning the tasks 0
and 1 are assigned in cluster 0, the tasks 2, 3, 4 and 5 in cluster 2 and finally the task 6 is assigned
to processor 3. The group part of the chromosome represents only the groups(clusters), in this case,
express the fact that there are three clusters in the solution. The main fact is that the genetic opera-
tors will work with the group part of the chromosomes, the standard task part of the chromosomes
identify which items actually form which group.

0 1 2 3 4 5 6

0 0 2 2 2 2 3 3 2 0

Figure 2. A chromosome representation of the convex clustered graph depicted in the middle of the
figure 1.

Initial population
The first step in GCCA is to create an initial population. Most of the genetic algorithms applied to

the task clustering problem create a random initial population. We propose an algorithm to generate
the initial population. This algorithm was adapted to build feasible convex clusters. The algorithm
is the following:

1. Put all the tasks in a list called ListTasks.
2. Choose randomly a task of ListTask and assign it a cluster.
3. Compute the predecessors set and the successors set of the selected task.
4. Eliminate these tasks of the ListTasks.
5. While (ListTasks != ∅)
5.1 Choose randomly an independent task and to assign it a different cluster.
a). Compute the predecessors set and the successors set of the selected task.
b). Eliminate these tasks of the ListTasks.
EndWhile
6. Copy the predecessor sets in a global predecessor set.
7. Assign into a cluster all the tasks that are duplicated in the global predecessor set.
8. Eliminate all the duplicated tasks of the corresponding set.
9. Copy the successors sets in a global successor set.
10. Eliminate all the duplicated tasks of the corresponding set.
11. Assign the remaining tasks of the predecessor and successor sets in the correspondant cluster.

Evaluation
The genetic algorithm aim is to maximise the fitness function, while minimising the objective

function. To evaluate the fitness of each solution, first the schedule length of the particular solution
is determined and after that, this schedule length is mapped to an initial fitness value (f ′

i) using
equation (1) [9]:

f ′
i = sumofallthetasksexecutiontimes − schedulelength. (1)
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Where the sum of all the tasks execution times is defined as the time it would take to run all the
tasks in the DAG on a single processor. However, in some cases f ′

i can still be negative since some
of the initial clusterings can result in schedules whose length is worse than running the tasks on a
single processor. So a linear scaling is employed to obtain the final fitness value (equation (2)).

fi =
f ′

i − MIN [f ′
i ]

MAX[f ′
i ] − MIN [f ′

i ]
(2)

To obtain the schedule length for a particular clustering each task is scheduled in decreasing order
priority. That is, schedule a task into the first slot available after the specified earliest start time on
the assigned processor. The earliest start time e(v) for task v is calculated using the equation (3):

e(v) = MAX[s(u) + µ(u) + λ(u, v), (u, v) ∈ E] (3)

Where: s(u) is the starting execution time of task u, µ(u) represents the execution time of task u,
λ(u, v) represents the tasks communication time. λ(u, v) = 0 if tasks u and v are placed on the same
processor. Once all tasks have been scheduled, the algorithm uses the equation (4) to determine the
schedule length of the scheduled DAG.

MAX[s(v) + µ(v)] (4)

Stop condition
The obvious way to stop the genetic algorithm would be to wait until the optimum is found, but

due to the complex solution spaces there is no indication whether the optimal or only a near-optimal
solution has been located. So, there are three ways GCCA will terminate. Firstly, if it has reached
the maximum number of iterations. Secondly, when the best fitness in a population has not changed
for a specified number of generations. Finally, when the difference between the average and the best
fitness remains constant for some given number of generations.

4.2. Genetic operators
Selection

Selection uses a proportionate selection scheme and replaces the entire previous generation. The
proportionate selection scheme where a string with fitness value fi is allocated to a relative fitness of
fi/faver, where faver is the average fitness of the population. GCCA uses the roulette wheel style of
selection to implement proportional selection. The algorithm selects strings until the next generation
is completely generated.

Crossover
Crossover produces new individuals that have some portions of both parent’s genetic material. As

pointed out in the previous section, GCCA crossover will work with variable length chromosomes
with genes(group part) representing the clusters. To generate a valid solution we used the following
algorithm:

1. Select randomly two crossing sites, delimiting the crossing section, in each of the two parents.
2. Inject the contents of the crossing section of the first parent in the first crossing site of the

second parent. Recall that a crossover works with the group part of the chromosome, so this means
injecting some of the clusters from the first parent into the second.

3. Eliminate all tasks now occurring twice from the clusters they were members of in the second
parent. Consequently, some of the old groups coming from the second parent are altered: they do
not contain all the same tasks anymore, since some of those tasks had to be eliminated.

713



4. If necessary, adapt the resulting clusters, according to the convex cluster constraints.
5. Apply the points 2. through 4. to the two parents with their roles permuted in order to generate

the second child.
Considering the graph depicted in Figure 1, a crossover example is depicted in Figure 3.

0 1 2 3 4 5 6

2 2 2 1 1 1 1 12

03 2 1

2 01 3

2

1 2 3 4 5 6

0 0 2 1 20 11 1 1

0 1 2 3 4 5 6

0 0 2 2 2 2 3 02 3

0

Crossover point

Group part Group part

Parent 1 Parent 2

Crossover point

Child 1

Injected group

Figure 3. A crossover example.

4.3. Mutation
The main objective of mutation operation is to produce a slight perturbation in the search, in order

to quit a local minimum. The GCCA mutation works by changing a task’s cluster (if it is possible)
to any cluster other than the one it was originally.

5. Results

In producing the results given in this section, the following benchmark values were adopted:
population size of 100, crossover probability of 0.8, mutation probability of 0.01, a generation limit
of 100, unlimited number of processors.

To evaluate the performance results of GCCA, we used a benchmark of Reference Graphs (RG).
The Reference Graphs are tasks graphs that have been previously used by different researchers and
addressed in the literature. This set consists in about 9 graphs (7 to 18 task nodes). These graphs are
relatively small graphs but do not have trivial solutions and expose the complexity of clustering very
adequately.

Figure 4 shows the performance of GCCA in a graph of 10 tasks. The task graph used here has an
optimal schedule length of 26 unit times and 2 clusters [9]. On left of Figure 4, the convex clustering
obtained by GCCA is showed. In the middle, the Gantt chart (a graphical representation of the
duration of tasks against the progression of time) represents the best solution performed by GCCA.
On the right, the Gantt chart depicts the optimal schedule reported in the literature. GCCA obtains
the optimal schedule length but the number of processors is greater than the number reported in [9]
which has only 2. It is due to the fact that GCCA tries to use all the available processors.

Table 1 summarizes the experiment results obtained by GCCA. The first column shows the refer-
ence of the graphs. The number of tasks in the RG are shown in the second column. Third and fourth
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Figure 4. Convex cluster solution to the problem of 10 tasks. The tasks are represented in white, idle
times are represented in gray.

References No. Optimal Optimal GCCA GCCA
nodes schedule clusters schedule clusters

[9] 7 9 2 10 3
[18] 7 4 2 4 4
[9] 9 5 2 5 5

[20] 9 149 2 160 3
[9] 10 26 2 26 3

[19] 10 11 2 10 6
[17] 13 190 2 190 5
[16] 18 440 3 480 5
[16] 18 330 3 340 6

Table 1
Table of results.

columns represent the optimal schedule length and the optimal number of clusters reported in the
literature, respectively. Finally, the best schedule and the best number of cluster obtained by GCCA
are reported in the two last columns of the figure. The experiment results show that GCCA is able
to find optimal solutions for some test cases. In some other cases the number of clusters computed
by GCCA is greater than the optimal number of clusters reported in the literature.

6. Conclusions

In this work we presented a new genetic algorithm called Genetic Convex Cluster Algorithm,
which has nice properties. This algorithm was applied to solve the task clustering problem with
large communication delays. The experiment results obtained by GCCA show the feasibility of
using genetic algorithm with the convex cluster properties to solve the task clustering problem.
The GCCA approach seems particularly well suited for the new parallel systems like cluster of PC
with hierarchical communications. We proposed two novel genetic operators (representation and
crossover) in the context of the task clustering problem.
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