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Abstract
This paper is organized as follows. Sections 2 and 3 present the
parameters used in the experimental analysis. Sections 4-6
present the experimental analysis and results. In section 7, we
present our conclusions.

We experimentally analyze the general applicability of genetic
algorithms (GA) and simulated annealing algorithms (SA) for
mapping data to multicomputers. The results show that the GA
and SA are insensitive to user parameters in wide ranges,
completely fault tolerant, and unbiased towards particular
multicomputer topologies. These properties of flexibility and
general applicability, which are lacking in other heuristic
algorithms, make the GA and SA attractive for automatic
parallelization systems.

2. Objective Function Parameters Used in the
Analysis
The execution time of the parallel ALGORITHM is determined
by the slowest MCOMP processor and is typically represented
by the following objective function
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partitioning and balancing.

OFtyp

1. Introduction



= Maxn W ( n) + ∑ C (n, m) 


m

for loosely synchronous programs [Fox et al 1988]. C(n,m) is the
cost of the communication between processors n and m [Bokhari
1990] and is given by

Let ALGORITHM be an algorithm intended to solve a problem
with an underlying data set, DATA, on a multicomputer,
MCOMP. We can construct a computation graph with P vertices
representing the data points, and edges representing the data
dependences specified by ALGORITHM. Data mapping refers to
partitioning the computation graph and mapping the subgraphs
to N MCOMP processors such that the total execution time of
the parallel program associated with ALGORITHM is
minimized. This problem is NP-complete, and several heuristics
have been proposed to find sub-optimal solutions. [Berger and
Bokhari 1987; Chrischoides et al 1991; Ercal 1988; Fox 1988;
Simon 1991; Williams 1991]. Also simulated annealing (SA)
and genetic algorithms (GA) have been adapted to the mapping
problem [Mansour and Fox 1992, 1994a, 1994b]. The GA and
SA are slower, but do not make apriori assumptions about the
underlying problem. It has been claimed that these two
algorithms are flexible and are applicable to various network
topologies and incomplete architectures [Mansour and Fox
1992]. However, these claims have not been supported.

C( n, m) = t flaot .[ ρ . B( n, m) + σ + τ . H ( n, m)] where

ρ,

σ, and τ are machine dependent parameters normalized with
respect to tfloat, the time for a floating point operation. ρ is the
time needed to communicate one word, σ is the message start-up
time, and τ represents the communication time per unit distance.
B(n,m) is the number of vertices mapped to n and are boundary
with m. W(n) is the computational load of processor n and is
proportional to the size of the data subset mapped to n and to λ;
λ is the number of computation operations per computation
graph edge per iteration, which is ALGORITHM-dependent.
OFtyp is computationally expensive and is approximated by
2
OFappr = ∑W ( n) + µ . ∑ ∑ C n, m
n
n m
where µ is a scaling factor expressing the relative importance of
the communication term with respect to the computation term.
The quality of a mapping solution is defined as

(

In this paper, we experimentally analyze the behavior of the GA
and SA for data mapping. Our analysis has three dimensions: the
degree of sensitivity of the GA and SA to their user-defined
parameters, the capability to map to a partially faulty
multicomputer, the applicability to various multicomputer
topologies.

η=

∑ W ( n)
n

)

N . OFtyp .

In this paper we study the sensitivity of the solution quality,
given by η, and the time taken by the mapping algorithm, tmap, to

1

changes in the values of µ, λ, σ, ρ, and τ. Secondly, we explore
the capability of GA and SA to map to an MCOMP with some
faulty processors, which will be reflected in the evaluation of
W(n) and C(n,m). Thirdly, mapping to different MCOMP
topologies is explored.

6. Mapping to Different Topologies
The applicability of DGA and SA to different multicomputer
topologies is shown in this work by mapping to seven commonly
used topologies with different properties: linear array, binary
tree, ring, hypercube, 2-D mesh, 3-D mesh, and star graph
[Hwang 1993; Misic and Jovanovic 1994; Day and Tripathi
1994]. The other heuristics do not enjoy this general
applicability property. Figures 6-9 demonstrate that the DGA
and SA have no bias towards particular multicomputer
topologies.

3. GA and SA parameters
The GA used is a distributed GA (DGA) [Mansour and Fox
1994b] which works with a population of candidate solutions
over the nodes of a hypercube network and evolve over a
number of iterations. Each iteration is composed of two phases:
the drift phase where a local GA [Mansour and Fox
1994b] is applied for DLEN generations, and the migration
phase where M% of deme’s individuals migrate to other demes.
DGA converges when there is no improvement in η for a
number of generations, called convergence threshold (CT).
Different migration schemes can be used leading to three DGA
versions based on: one-way migration, two-way migration, and
shifting balance scheme.

7. Summary and Conclusion
A summary of our results is given in Table 2. These results
show that the genetic and simulated annealing algorithms are
flexible and of general applicability in mapping data to
multicomputers. Hence, they should be considered for automatic
parallel programming systems.

The SA mapping algorithm [Mansour and Fox 1992] starts with
a randomly generated mapping configuration and uses the
energy function OFappr. It is based on perturbation snd cooling
schemes that run over many iterations until convergence.

4. Sensitivity to User-Defined Parameters
Three test cases of different characteristics, which are shown in
Figure 1, have been used in the experiments. For brevity, the
results for DGA only are summarized in Table 1. The detailed
results can be found in [Kawash 1994].

(a) 545 Vertices

Figures 2 and 3 give examples for the parameters µ and CT.
Note that the refernce values in Table 1are taken from [Mansour
1992].

5. Fault Tolerant Mapping
(b) 301 Vertices

A mapping algorithm is said to be fault tolerant if it is capable of
mapping DATA to an MCOMP with some missing (faulty)
processors. Most of the data mapping heuristics are bisectionbased methods [Chrisochoides et al. 1994], which are not fault
tolerant. The GA and SA are fault tolerant, and our experimental
results support this claim [Kawash 1994].
Examples are given in Figures 4 and 5 for the 545-vertx data and
|N| = 8. Note that F denotes the set of faulty processors.

(c) 1266 Vertices
Figure 1. Three data sets.
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Figure 2. DGA results for different µ values.
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Figure 6. DGA mapping to different multicomputer
topologies (|N |= 8).
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Figure 3. DGA results for different CT
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Figure 7. DGA mapping to different multicomputer
topologies (|N| = 6).
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Figure 4. DGA results when mapping
to incomplete multicomputers.
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Figure 8. SA mapping to different multicomputer
topologies (|N| = 8).
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Figure 9. SA mapping to different multicomputer
topologies (|N| = 6).

Figure 5. SA results when mapping
to incomplete multicomputers.

3

η

tmap
Range
Reference Value
[0.2, 0.8]
I
NU
0.5
µ
[-85%, 328%]
I
7
λ
[-90%, 200%]
I
100
τ
[-50%, 50%]
I
325
σ
[-85%, 230%]
I
15
ρ
I
S
100
Population size
I
S
20
CT
≥ 15
Migration Scheme
I
I
1wDGA
M
10 - 50%
I
NU
30%
[1, demesize]
I
NU
demesize/3
DLEN
Table 1. Summary of DGA sensitivity results (I : Insensitive within ± 5%, S : Sensitive, NU : No Uniform behavior).
Parameter

Sensitive to objective function parameter (µ)
Sensitive to architecture-dependent parameters (τ, σ, and ρ)
Sensitive to ALGORITHM-dependent parameter (λ).
Sensitive to its own parameters : - Population Size
- CT
Fault tolerant
Map to different multicomputer topologies
Table 2. Summary of results.

DGA
NO
NO
NO
YES for tmap
YES for tmap
YES
YES

SA
NO
NO
NO
YES for tmap
YES
YES

Fox G.C. and Furmanski W. 1988. Load balancing loosely synchronous
problems with neural networks. 3rd Conf. Hypercube Concurrent Computers,
and Applications, 241-278.
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