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Abstract

Recent years have shown a sensible increase in the search
for exact and complete phylogenetic trees with employment
of numerical techniques. But the huge amount of comput-
ing load needed to reach such trees with a good accuracy
and a high level of taxons leads to considering parallel pro-
cessing as the suitable way to tackle this problem, [1,2]. In
this work we deal with phylogenetic methods with distance
matrices for a large amount of taxons. These methods were
first introduced by Cavalli-Sforza and Edwards[3] and by
Fitch and Margoliash[4]. Other methods have stepped on
them, as was the case of those ones developed by Wolf Y.I.
et al.[5] and Clarke G.D. et al.[6]. Observe that the method
due to Grishin N.V. et al.[7], as well as that one by Cavalli-
Sforza[3], both require the solution of linear systems of al-
gebraic equations with dimensions that grow linearly with
respect to the number of taxons.

We have used parallel computing techniques so as to reach
shorter processing time for the solution of the systems as-
sociated to the length of the branches of the phylogenetic
trees, the distance matrices method being employed.

In Albrecht et al.[10] an algorithm was proposed: phyloge-
netic trees are built and distributed through a group of pro-
cesses, where at each iteration the best trees are identified,
then kept. This algorithm, which is based in Felsenstein[8].
In each process the trees construction needs synchronization
only to discard those trees with the worst results. These
algorithms compute the length of the branches through a
process called pruning. The analysis of the implementations
carried over by [10] and [8] with the tool GNUProf in [11]
has lead to the conclusion that the pruning process for the
branches was the main time processing spending for these
software. Another difficulty this process leads to is that to
have it in parallel, a huge cost is asked by the synchronizing
task. Our aim is thus to use different numerical methods
for the solution of the linear systems required by the least-
squares methods to get the branches length, as described in
[12].

The matrix associated to the least-squares method, being
symmetric and positive-definite, allows the use of the conju-
gated gradient method (CGM). We know that in the worst
case convergence is guaranteed in n steps, being n the lin-
ear system order. Since each iteration for the CGM requires
n? + O(n) multiplications and divisions, we deduce that in
this case we need n3 + O(n?) operations, which is the same
amount needed for a complete inversion of the matrix with
the LL! decomposition.

In order to improve convergence for CGM, we get hold
of the matrix profile. It turns out that the matrices that
appear are all block-matrices, being all blocks also sym-

metric and positive-definite. We can then use the Precon-
ditioned Conjugate Gradient method with block Jacobi as
a preconditioner — this amounts to incomplete block de-
composition. It is known that Jacobi method has a rather
slow convergence but, when employed as a preconditioner,
overall convergence is speeded up. Besides, parallelization
of block-Jacobi preconditioned conjugate gradient method
(BPCGM) may be obtained very efficiently.

We first used the sequential versions of block-Jacobi
method (JBM), conjugate gradient (CGM) and precondi-
tioned conjugate gradient with block-Jacobi as precondi-
tioner (BPCGM). It turns out that convergence is much
better for the latter, although its speed-up with respect to
the second one is rather small. It seems encouraging to use
a parallel version of BPCGM. Nevertless we must take in
account its rather high data transmission rate as well as
the additional cost to invert the block matrices By required
for the algorithm start-up. Anyway, we can claim that as
long as inversion of the matrix A is untractable, the parallel
version of BPCGM is available for the rescue.
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