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Abstract. A phylogenetic tree relates taxonomic units using their sim-
ilarities over a set of characters. We propose a new genetic algorithm for
the problem of building a phylogenetic tree under the parsimony crite-
rion. It makes use of an innovative optimized crossover strategy which
is an extension of the path-relinking intensification technique originally
applied in the context of implementations of other metaheuristics such as
tabu search and GRASP. Computational results are reported for bench-
mark instances and randomly generated test problems, illustrating the
effectiveness of the genetic algorithm.
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1 Introduction

A phylogeny is a tree that relates taxons [16, 17] using their similarities over
a set of independent characters. Each taxon is defined by a set of characters.
Binary characters are those who have only two possible states. Instances of the
phylogeny problem with binary characters are defined by 0-1 matrices, in which
each element (i, j) corresponds to the state of character j within taxon i.

Each state change along a branch of a phylogenetic tree is counted as an
evolutionary step. The parsimony criterion states that the best phylogeny is the
one that can be explained by the minimum number of evolutionary steps [9, 15].
The phylogeny problem is that of finding a phylogenetic tree with the minimum
number of evolutionary steps.

A phylogenetic tree s for the operational taxons under analysis belongs to
the set S of unrooted trees with n leaves (each of them corresponding to an
operational taxon) and all internal nodes with degree three. Let f : S →IR be
a function which associates each phylogeny s ∈ S to its parsimony value. The
phylogeny problem consists in finding a phylogeny s� ∈ S such that f(s�) =
mins∈S f(s). Polynomial algorithms running in O(mn) time for the computa-
tion of the parsimony value of a given phylogeny are described in [5–7], where n
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is the number of operational characters and m the number of binary characters.
Andreatta and Ribeiro [2] compared the computational results obtained by a va-
riety of heuristics on a set of eight benchmark problems. Ribeiro and Vianna [13]
proposed a GRASP heuristic which improved the best known solutins for some
benchmark instances.

The structure of the new genetic algorithm is described in Section 2. A new
optimized crossover strategy based on path-relinking is reported in Section 3.
Computational results for benchmark instances from the literature and for ran-
domly generated test problems are reported in Section 4. Concluding remarks
are made in the last section.

2 Genetic algorithm: Population dynamics

A genetic algorithm is a population-based metaheuristic for combinatorial prob-
lems. A population is a set of solutions which are combined (through crossover)
and perturbed (by mutation) to produce a new generation of solutions. At-
tributes of high-quality solutions have a greater probability to be passed down
to the next generation. This process is repeated over many generations as long
as the quality of the solutions in the new population improves over time.

The initial population of the genetic algorithm proposed in this work is
formed by 100 solutions built by the greedy randomized algorithm Gstep wR [2].

The population is partitioned into three sets A, B, and C. The best solutions
are kept in A, while the worst ones are in C. Class A is formed by the 30% best
solutions of each generation, while C is formed by the 20% worst. All solutions in
A are promoted to the next generation. Solutions in B are replaced by crossover
of one parent from A with another from B ∪ C using the random keys crossover
scheme of Bean [3], as already successfully used in [4]. All solutions in C are
replaced by new ones created by the same algorithm used to build the initial
population.

In the random keys scheme, crossover is carried out on a selected pair of
parent solutions to produce an offspring solution. Each selected pair consists of
an elite parent and a non-elite parent. The elite parent is selected, at random,
uniformly from solutions in A, while the non-elite parent is selected from those
in B∪C. We use a path-relinking strategy to generate the offspring, as described
in Section 3.

This genetic algorithm also applies periodically at every seven generations
a local improvement procedure to all solutions obtained by crossover. This lo-
cal search procedure is a first-improving strategy using the neighborhood SPR
(Subtree Pruning and Regrafting), already described in [13].

3 Optimized crossover by path-relinking

Path-relinking is an intensification strategy originally proposed by Glover [8] to
explore trajectories between elite solutions obtained by tabu search or scatter



search. Using one or more elite solutions, paths in the solution space leading to
other elite solutions are explored in the search for better solutions. To generate
paths, moves are selected to introduce attributes in the current solution that
appear in the elite guiding solution.

Extensions, improvements, and successful applications of path-relinking in
the context of GRASP implementations have been reported in the literature [10–
12]. In this work, we perform the crossover operation using a path-relinking
strategy. Given two parent solutions s1 and s2 ramdomly selected, the former
from class A and the latter from B ∪ C, bidirectional path-relinking between
them is performed [11] and the best overall solution found is returned.

This mechanism is an extension of the traditional crossover operation. Instead
of producing only one offspring, it investigates a bunch of solutions sharing the
characteristics of their parents. The solution found by path-relinking is the best
offspring which can be obtained by a conventional crossover operation.

Path-relinking between two solutions s1 and s2 is performed as follows. In
the first phase, the binary tree s1 is selected as the initial solution and s2 as the
guiding one. Let n1 and n2 be the current nodes being explored respectively in
s1 and s2, which are initially set as their roots. Let l1 and r1 be the subtrees of
s1 rooted at each of the children of n1 and consider the subtrees l2 and r2 of s2

rooted at each of the children of n2. Denote by L1, R1, L2, and R2, respectively,
the sets of operational taxons which are leaves of l1, r1, l2, and r2.

The next step consists in computing which of the subtrees L2 or R2 is more
similar to L1, in terms of their number of leaves corresponding to the same
taxons. Without loss of generality, suppose that |L1 ∩ L2| > |L1 ∩ R2|, i.e., L1

share more taxons in common with L2 than with R2. Subtrees l1 and l2 will be
associated one to the other.

For each taxon v ∈ L1 \ L2 incorrectly placed in subtree l1, the algorithm
computes its reconnection cost at each possible edge of subtree r1 in time O(1),
as described in [13]. Analogously, for each taxon v ∈ R1 \ R2 incorrectly placed
in subtree l1, the algorithm also computes its reconnection cost at each possible
edge of subtree l1. Let v∗ ∈ L1 \ L2 ∪ R1 \ R2 be the node with the smaller
reconnection cost (i.e., with the greatest decrease – or smallest increase – in
solution value). Node v∗ is eliminated from its current subtree and reconnected
in the appropriate position to the other subtree. The current solution is updated.
These steps are repeated until L1 = L2 and R1 = R2.

Once the left and right subtrees of n1 contain the same nodes respectively in
the left and right subtrees of n2, these steps are recursively applied to the roots
of subtrees l1 and l2 and to those of r1 and r2. This procedure is repeated with
the roles of s1 and s2 interchanged. The path-relinking procedure returns the
best solution obtained by crossover.

4 Computational results

The computational experiments were performed on a 2 GHz Pentium IV proces-
sor with 512 Mbytes of RAM memory. Heuristic AG+PR described in the previous



sections was implemented in C using version 6.0 of the Microsoft Visual C++
compiler. We used an implementation in C of the random number generator
described in [14].

We compare the new heuristic AG+PR with algorithm GRASP+VND proposed
in [13] using eight benchmark instances and 20 randomly generated instances.

In the first experiment, the same computation time was given to each algo-
rithm. Ten runs of 1,000 seconds each were performed for each instance. The
computational results are reported in Table 1. For each instance, we first give its
number of taxons (n) and its number of characteristics (m). Next, we give the
average and the best solution values obtained over ten runs of each algorithm.
We indicate in boldface whenever one of the algorithms found strictly better
results than the other. The new heuristic obtained strictly better average solu-
tion values for five out of the eight benchmark instances and for all randomly
generated instances. AG+PR also found strictly best solutions for two out of the
eight benchmark instances and for all but one randomly generated instance.

In the second experiment, we compare the robustness of both algorithms
using instance SCHU. One hundred independent runs for each algorithm were
performed. Execution was terminated when a solution of value less than or equal
to a difficult target specified as 760 was found, which corresponds to the best
known solution before that reported by Ribeiro and Vianna [13] (the currently
best known solution value for this instance is 759). The empirical probability
distribution for the time to target solution value is plotted in Figure 2. To
plot the empirical distribution for each algorithm, we followed the procedure
described in [1]. We associate with the i-th smallest running time ti a probability
pi = (i − 1

2 )/100, and plot the points zi = (ti, pi), for i = 1, . . . , 100. This plot
shows that heuristic AG+PR is able to find solutions with the same value of those
obtained by GRASP+VND in much smaller computation times. The new heuristic
is more robust.

5 Concluding remarks

Approximate and exact (for small problems) algorithms for the computation of
phylogenetic trees are dispersed through the scientific literature. We proposed
in this paper a genetic algorithm for the phylogeny problem. This heuristic uses
an innovative strategy based on path-relinking to implement the crossover op-
eration, which is also combined with local search. This strategy can be easily
extended to implementations of genetic algorithms for solving other problems.

We also notice that this genetic algorithm outperformed the best algorithms
currently available [2, 13] in terms of solution quality and robustness (better
solutions in smaller computation times).
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