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Abstract. Cellular automata (CA) are proposed to design scheduling
algorithms for allocating tasks of a parallel program in multiprocessor
systems. For this purpose a program graph is considered as CA which
control a process of migration of tasks in a multiprocessor system. In
the �rst phase of the algorithm, e�ective rules for CA are discovered by
a genetic algorithm. In the second phase, for any initial allocation of
tasks, CA-based scheduler is able to �nd an allocation which minimizes
the total execution time of the program in a multiprocessor system.

1 Introduction

One of current issues in parallel computing is constructing e�cient algorithms for
scheduling tasks of a parallel program in a multiprocessor architecture. Current
works [1, 3, 5] concerning a scheduling problem are oriented either on selection
problems for which exact solutions can be constructed or designing heuristic
algorithms to �nd near-optimal solutions for more general cases. To this stream of
research belong in particular scheduling algorithms based on applying techniques
derived from nature such as simulated annealing, genetic algorithms or neural
networks.

In this paper we propose to use for scheduling very promising but still not
well enough explored technique based on applying CA. CA present a distributed
system of single, locally interacting units which are able to produce a global
behavior in a process of self-organization. Recent results [2] show that CA com-
bined with evolutionary techniques can be e�ectively used to solve e.g. complex
classi�cation problems.

The remainder of the paper is organized as follows. The next section discusses
accepted models of a parallel program and a parallel system in the context of a
scheduling problem. Section 3 provides a background on CA. Section 4 contains a
description of a proposed CA-based scheduling algorithmwith genetic algorithm-
based engine for discovering scheduling rules. Results of experimental study of
the scheduler are presented in Section 5. Last section contains conclusions.
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2 Scheduling Problem

A multiprocessor system is represented by an undirected unweighted graph
Gs = (Vs; Es) called a system graph. Vs is the set of Ns nodes of the system
graph representing processors with their local memories of a parallel computer
of MIMD architecture. Es is the set of edges representing bidirectional channels
between processors and de�ne a topology of the multiprocessor system.

A parallel program is represented by a weighted directed acyclic graphGp =<
Vp; Ep >, called a precedence task graph or a program graph. Vp is the set of Np

nodes of the graph representing elementary tasks, which are indivisible compu-
tational units. Weights bk of the nodes describe the processing time needed to
execute a given task on any processor of a given multiprocessor system. There
exists a precedence constraint relation between the tasks k and l in the prece-
dence task graph if the output produced by task k has to be communicated to
the task l. Ep is the set of edges of the precedence task graph describing the
communication pattern between the tasks. Weights akl of the edges describe a
communication time between pairs of tasks k and l, when they are located in
neighbor processors.

The purpose of scheduling is to distribute the tasks among the processors in
such a way that the precedence constraints are preserved, and the response time
T (the total execution time) is minimized.

For the purpose of next sections we will introduce some additional notions.
We assume that for each node k of a precedence task graph there are de�ned sets
of predecessors(k), brothers(k) (i.e. nodes having at least one common predeces-
sor), and successors(k). We assume that we will be able to de�ne for each node
k of a precedence task graph two its parameters: level and co-level. A level hk of
a node k is de�ned as the maximal length of the longest path from a node k to
an exit node. The co-level dk of a node k is de�ned as the length of the longest
path from the starting node to the node k. Values of a level and co-level of a
given task are static and do not depend on an allocation of a program graph in
processors of a parallel system. Values of a level or co-level calculated for tasks
of a program graph allocated in a system graph we will call a dynamic level or
co-level, respectively.

The response timeT for a given allocation of tasks in multiprocessor topology
depends on a scheduling policy applied in a given processor. We will assume that
a scheduling policy is de�ned for a given run of a scheduling algorithm, and is
the same for all processors of the system.

3 Cellular Automata

One dimensional CA [6] is a collection of two-states elementary automata ar-
ranged in a lattice of the length N, and locally interacted in a discrete time t.
For each cell i called a central cell, a neighborhood of a radius r is de�ned and
consisting of ni = 2r+ 1 cells, including the cell i.

It is assumed that a state qt+1i of a cell i at the time t + 1 depends only on
states of its neighborhood at the time t, i.e.
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and a transition function fg, called a general rule, which de�nes a rule of updating
a cell i. A length Lg of a general rule and a number of neighborhood states for
a binary uniform CA is Lq = 2n, where n = ni is a number of cells of a given
neighborhood, and a number of such rules can be expressed as 2Lq . For CA with
e.g. r = 2 the length of a rule is equal to Lq = 32, and a number of such rules
is 232 and grows very fast with Lq. For this reason some other types of rules are
used to make them shorter and decrease their total number.

Such a possibility gives e.g. de�ning a transition function ft, which updates
cells' states on the base of the sum of cells' states in a neighborhood, i.e.

qt+1i = ft(q
t
i�r + :::+ qti�1 + qti + qti+1 + :::+ qti+r): (2)

For CA with r = 2 the length of a rule (called a totalistic rule) is reduced now
to Lt = 6, and the total number of rules is equal to 26.

4 Cellular Automata-based Scheduler

4.1 A concept of CA-based scheduler

To design a scheduling algorithmwith use of CA it is assumed that with each task
of a program graph an elementary automaton (cell) is associated. A topology
of a program graph de�nes a structure of CA. In opposite to a structure of
CA considered in the previous section, the structure of the proposed CA is not
regular, however, we still assume that CA is a binary automaton. It results in
considering the scheduling problem only for the 2-processor topology: the state 0
or 1 of a cell means that a corresponding task is allocated either in the processor
P0 or P1, respectively.

CA corresponding to a given programgraph evolves in time according to some
prede�ned rule. Initial states of CA correspond to an initial allocation of tasks in
the 2-processor system. Changing states of evolving in time CA corresponds to
migration of tasks in the system graph. Changing an allocation of the program
graph in the system graph results (under given scheduling policy) in changing
the response timeT. The question which appears is whether exists a local rule for
CA providing for any initial allocation of tasks in the system graph converging
CA to an allocation which minimizes T. To solve this problem we need (a) to
design properly a local neighborhood (if such a neighborhood is enough to solve
the problem) of a cell in the context of the scheduling problem, and (b) �nd
among all possible rules a rule (if such a rule exists) providing a convergence of
CA to a solution of the scheduling problem.

Figure 1 presents a concept of CA-based scheduler. There are two phases of
operating the scheduler: a phase of learning rules and a phase of normal operat-
ing. The purpose of the learning phase is discovery e�ective rules for scheduling.
Searching e�ective rules is conducted with use of genetic algorithm (GA) [4].
For this purpose an initial random population of rules is created. For a given
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Fig. 1. A concept of cellular automata-based scheduler

random allocation of a program graph into a system graph CA is initialized, and
equipped with a rule from the population of rules. CA starts to evolve its states
during prede�ned number of time steps, what results in changing an allocation of
task of a program graph. The response time T for a �nal allocation is evaluated.
For a given rule this procedure of evaluation of the rule is repeated a prede�ned
number of times, and it results in evaluation a �tness value T � for the rule,
which is the sum of found values of T corresponding to each repetition of run
of CA, and modi�ed to convert a problem of minimization (scheduling problem)
to a problem of maximization requested by GA. After evaluation in a similar
way all rules from the population, genetic operators of selection, crossover and
mutation are involved. Evolutionary process is continued a prede�ned number
of generations, and when is completed discovered rules are stored.

In the phase of normal operating, when a program graph is initially randomly
allocated, CA is initiated and equipped with a rule taken from the set of discov-
ered rules. We expect in this phase, that for any initial allocation of tasks of a
given program graph, CA will be able to �nd in a �nite number of time steps,
allocation of tasks, providing the minimal value of T .



4.2 Designing rules for CA performing scheduling

A neighborhood for an elementary automaton associated with a task of a pro-
gram graph is created by sets of its predecessors, brothers and successors. Even
with such a assumption a size of a potential neighborhood may be large enough
and vary depending on a given program graph.

In the proposed neighborhood called a selected neighborhood it is assumed
that only two selected representatives of each set of predecessors, brothers and
successors will create a neighborhood of a cell associated with a task k. A pair of
such representatives of each set is selected on the basis of respectively maximal
and minimal values of some attributes of tasks in a given set. We consider a
level, a co-level and a computational time bl as attributes of tasks of all three
sets (either l 2 predecessors(k) or l 2 brothers(k), or l 2 successors(k)).
Additionally, a communication time alk is also an attribute for tasks which are
elements of a set of predecessors and akl is an attribute of tasks from a set of
successors. In a given run of the scheduling algorithm only one attribute for each
set is selected. Neighborhood of a cell k associated with a task k de�ned this
way consists of 7 cells, including the cell k.

A neighborhood of a cell k can be de�ned e.g. in the followingway: cells l1 and
l2 representing tasks from a set of predecessors for which a co-level is maximal
or minimal, respectively; cells l3 and l4 representing task-brothers for which a
computational time (the selected attribute) is largest or smallest, respectively,
and cells l5 and l6 representing task-successors for which communication times
(the selected attribute) from a task k is maximal or minimal, respectively.

Because a structure of a program graph and corresponding CA is irregular,
a number of predecessors, brothers or successors may be less than two or they
may have the same values of attributes, the following solutions for special cases
have been accepted:

{ if predecessors (brothers or successors) do not exist for a given task, a neigh-
borhood corresponding to such a situation is still created by a pair of cells;
values of these cells (pointing processors where tasks are allocated) are un-
de�ned and a state of such a neighborhood will take a special value

{ if exists only one predecessor (brother or successor) for a given task, a neigh-
borhood corresponding to this situation is created by a pair of cells; values
of these cells will be the same and de�ned by really existing task-neighbor
(a dummy task is allocated on the same processor as a real one)

{ if a number of predecessors (brothers or successors) is greater than two and
all of them have the same value of an attribute, then cells correspond to
two di�erent tasks with the smallest and largest respectively order number
assigned to tasks.

After construction of a neighborhood it is necessary to de�ne a state corre-
sponding to each part of this neighborhood. A central cell takes the value 0 or 1.
Values of each pair of cells are mapped into one of �ve values describing a state
of the pair in the following way:



{ state 0: values of both cells of the pair are the same and equal to 0 (both
tasks corresponding to cells are in the processor P0)

{ state 1: the �rst cell has the value 0, and the second one has the value 1
(corresponding tasks are in P0 and P1 respectively)

{ state 2: the �rst cell has the value 1, and the second one has the value 0
(corresponding tasks are in P1 and P0 respectively)

{ state 3: values of both cells of the pair are the same and equal to 1 (both
tasks corresponding to cells are in the processor P1)

{ state 4: values of cells are unde�ned (there is no tasks corresponding to these
cells).

A total number of states of a neighborhood can be calculated as 2*5*5*5 and is
equal to 250. A length of a rule is 250 bits. A space of solutions of the problem is
de�ned by a number 2250 of possible transition functions. GA with a population
of rules is used to discover an appropriate rule for CA to solve a scheduling
problem.

5 Experiments

In experiments reported in this section it is assumed that CA work sequentially,
i.e. at a given moment of time only one cell updates its state. A single run (step)
of CA is completed in Np (Np - a number of tasks of a program graph) moments
of time. A run of CA consists of a prede�ned numberG of steps. A program graph
used in the experiment reported in the paper represents the parallel Gaussian
elimination algorithm [5] consisting of 18 tasks. All weights of the program graph
were scaled dividing them by 10. We refer to this program graph as gauss18.

In a learning phase of the scheduling algorithm a population of rules of a size
100 was used, and the learning process was observed during 100 generations.
Figure 2 (upper) shows a �tness function fitt = T � of GA, changing during
evolutionary process. Figure 2 (lower) shows a response time T corresponding
to the maximal value of the fitt, changing during generations.

In the conducted experiments, for each generations of GA a set of four test-
problems was created. Each test problem is a random task allocation in the
system graph. Each rule from a given population is evaluated on a test problem
from point of view of a response time corresponding to a �nal allocation. For
this purpose, CA with a given rule and an initial state corresponding to a given
initial allocation is allowed to run a some prede�ned number of steps. Changing
states of CA results in a migration of tasks in the system graph and changing
their allocation. To calculate T for a given �nal allocation of tasks a scheduling
policy of the type: a task with the highest value of a dynamic level-�rst, was
applied.

After evaluation of all rules from a given population, GA operators are ap-
plied. A proportional selection with elitist strategy was used. A crossover with
a probability pc = 0:95, and a bit-
ip mutations with pm = 0:001 were used.

Figure 3a shows a run of CA-based scheduler with the best rule found in
the 5-th generation. Left part of the �gure presents a space-time diagram of
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Fig. 2. Discovery by GA rules for CA-based scheduler operating with gauss18: evolu-
tionary processing population of rules (upper), and response time T improved during
the evolutionary process (lower)

CA consisting of 18 cells, and the right part shows graphically a value of T
corresponding to an allocation found in a given step. One can see that after the
step 0, cells of CA are in some states corresponding to allocation of tasks (white
cell - a corresponding task is allocated in P0, black cell - a task is allocated
in P1), and the value of T corresponding to this allocation is greater than 81.
After few steps, CA starts to oscillate, repeating a sequence of six states with
resulting patterns of task allocation, and corresponding changing values of T . In
generation 46, GA discovers (see Figure 2(lower)) a rule providing an allocation
with an optimal value T = 44. Such a value was found in [5], but it needed three
processors, while CA �nds a solution with two processors.

The found rule is, however, not absolutely the best. The rule does not pass
a test on a test problem created in generation 62 (see, Figure 2(lower)). GA
quickly modi�es this rule and it passes successfully all subsequent tests. Figure
3b shows a space-time diagram of such a rule existing in the generation 100.
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Fig. 3. Space-time diagrams of CA-based scheduler with the best rule found for
gauss18 in generation 5 (a), and generation 100 (b)

After run of GA its population contains rules suitable for CA-based schedul-
ing. How good are these rules? We can �nd out it in the process of normal
operating of CA. We generate some number of test problems, and use them to
test each of found 100 rules. Figure 4 shows results of the test conducted with
100 random initial allocation of the gauss18. For each rule from the population
(before the test rules were sorted from the greatest to the smallest values of
their �tness function) the average value of T (avr T ) found by CA in the same
test problems is shown. One can see that 29 found rules provide the maximal
e�ciency of the scheduling algorithm.

6 Conclusions

Results concerning ongoing research on development of CA-based distributed
algorithms of scheduling tasks of parallel programs in parallel computers have
been presented in the paper. The results of conducted experiments show that GA
is able to discover for a given instance of a problem e�ective rules for CA-based
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scheduler. It is worth noticing that the scheduling conducted by CA during nor-
mal operating is fully distributed. Decisions concerning changing states of cells
are taken observing only local neighborhood of a given task. In subsequent steps
of operating CA none estimation of T is calculated. This value is calculated only
by an external observer of the scheduling process conducted by CA.
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