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abstract
The purpose of this paper is to propose effective parallelization strategies for the Ant Colony Optimization
(ACO) metaheuristic on Graphics Processing Units (GPUs). The Max–Min Ant System (MMAS) algorithm
augmented with 3-opt local search is used as a framework for the implementation of the parallel ants
and multiple ant colonies general parallelization approaches. The four resulting GPU algorithms are
extensively evaluated and compared on both speedup and solution quality on a state-of-the-art Fermi
GPU architecture. A rigorous effort is made to keep parallel algorithms true to the original MMAS applied
to the Traveling Salesman Problem. We report speedups of up to 23.60 with solution quality similar to
the original sequential implementation. With the intent of providing a parallelization framework for ACO
on GPUs, a comparative experimental study highlights the performance impact of ACO parameters, GPU
technical configuration, memory structures and parallelization granularity.
© 2012 Elsevier Inc. All rights reserved.

1. Introduction
The Ant Colony Optimization (ACO) metaheuristic [17] is
a constructive, population-based approach based on the social
behavior of ants. As it is acknowledged as a powerful method
to solve combinatorial optimization problems, a considerable
amount of work is dedicated to improving its performance. Among
the proposed solutions, we find the use of parallel computing to
reduce computation time, improve solution quality or both.
Most parallel ACO implementations can be classified into two
general approaches. The first one is the parallel execution of the
ants construction phase in a single colony. Initiated by Bullnheimer
et al. [5], it aims to accelerate computations by distributing ants to
computing elements. The second one, introduced by Stützle [27],
is the execution of multiple ant colonies. In this case, entire ant
colonies are attributed to processors in order to speedup computations as well as to potentially improve solution quality by
introducing cooperation schemes between colonies. These implementations usually follow the message-passing and shared-memory
computing paradigms. The relatively high-level abstraction model
they provide facilitates the development of effective and portable
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optimization software on conventional CPU-based parallel architectures.
However, as research on parallel architectures is rapidly evolving, new types of hardware have recently become available for high
performance computing. Among them, we find Graphics Processing Units (GPUs) which provide great computing power at an affordable cost but are difficult to program. In fact, it is not clear that
conventional paradigms are suitable for expressing parallelism in a
way that is efficiently implementable on GPU architectures. As academic and industrial combinatorial optimization problems always
increase in size and complexity, the field of parallel metaheuristics
has to follow this evolution of high performance computing.
The purpose of this paper is to propose parallel implementations of ACO that are suitable for GPU computing environments.
For both parallel ants and multiple colonies general approaches,
two parallelization strategies are designed and experimentally
compared on speedup and solution quality. Important algorithmic, technical and programming issues are also addressed in this
context.
This paper is organized as follows. First, we present the ACO
metaheuristic, the Max–Min Ant System (MMAS) algorithm and
its application to the Traveling Salesman Problem (TSP). We choose
MMAS and TSP to focus on algorithmic aspects of ACO and technical
issues of GPU computing that are not problem dependent, as well
as to strictly compare our results to the original works of Stützle
and Hoos [28]. After a fairly complete review of the literature
on parallel ACO, the proposed GPU parallelization strategies for
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MMAS are explained. Finally, extensive experimental results are
presented to evaluate and compare their performance.
2. Ant Colony Optimization for the traveling salesman problem
The Traveling Salesman Problem (TSP) is well-known in
combinatorial optimization. It may be defined as a complete
weighted directed graph G = (V , A, d) where V = {1, 2, . . . , n}
is a set of vertices (cities), A = {(i, j)|(i, j) ∈ V × V } is the set of
arcs, and d : A → N is a function assigning a weight or distance
(positive integer) dij to every arc (i, j). The objective is to find a
minimum weight Hamilton cycle in G, which is a path of minimal
length visiting each city exactly once.
In most ACO algorithms, a given number of ants gradually
and concurrently build tours using heuristic and pheromone
information. Ants update pheromone values in the process to guide
other ants to potentially better tours. In many cases, updates are
performed according to the tours built and to various general rules.
Following a given number of iterations where ants have built many
– hopefully – improved solutions, the best one is chosen as the
solution of the problem. A complete description of ACO can be
found in Dorigo [16,17].
The Max–Min Ant System (MMAS) [28] is generally recognized
as one of the most effective ACO algorithms at the present
time. It also incorporates the main mechanisms and memory
structures that are common to most algorithmic versions of this
metaheuristic. Fig. 1 illustrates a simplified pseudo-code of the
MMAS. In this algorithm, the number of ants m is set to the number
of cities n. The ants tour construction process is performed in each
of the ni iterations. To that end, each ant antk is initially placed on
a randomly chosen city. Then, at each solution construction step,
antk builds its tour Tk by repeatedly applying a state transition
rule to choose the cities that will be added to its tour among the
unvisited cities. After all ants have built their tour, pheromone τ
is updated according to some rule which follows two objectives:
to increase the desirability of arcs associated to the global best
solution found so far Tgl or to the best solution of the current
iteration Tit and to reduce the ones that have not been used. To
avoid search stagnation, τ is kept between minimal and maximal
values τmin and τmax on each arc. τ is also initialized at τmax in order
to facilitate exploration of the search space in the beginning of the
algorithm. Moreover, MMAS uses a trail-smoothing mechanism
which also promotes exploration by increasing the probability of
choosing arcs with low pheromone values.
For better readability, the state transition and pheromone
update rules are not explained in this paper. More information
on these subjects may be found in the original works of Stützle
and Hoos [28]. However, it is important to mention that the state
transition rule computes the probability for each unvisited city to
be chosen by the ant according to distance and pheromone values.
These are stored in two n × n matrices that need to be available
to each ant. Consequently, when implementing MMAS (as well as
most ACO algorithms) on a real computer architecture, memory
must be large enough to accommodate these data structures
and fast enough to keep up with the numerous requests from
processing elements. This requirement becomes more prohibitive
as problem size increases.
When faced with large problems, MMAS uses candidate lists
to reduce the possible cities to be chosen by ants during the
tour construction phase. These lists contain, for each city, a given
number of its cl nearest neighbors sorted in increasing order. Ants
choose cities exclusively in candidate lists until all candidates are
visited. Only in that case is an ant allowed to pick a city outside the
lists.
Finally, MMAS may be augmented with a local search procedure
such as 3-opt [21] to improve the solutions found by the ants. This

Fig. 1. MMAS pseudo-code with local search.

method aims to improve a current solution by replacing at most
three of its arcs. The process of replacing the current solution with
an improved one is then iterated until no better solution is found.
ACO algorithms have proven to be successful in solving
many academic and industrial combinatorial optimization problems [17]. However, faced with large and hard problems, they need
a considerable amount of computing time and memory space to
be effective in their exploration of the search space. Consequently,
some interest in their parallelization has been raised in the recent
years. The following section presents a literature review on parallel
ACO.
3. Literature review on parallel Ant Colony Optimization
The concurrent nature of both tour construction and global
search of the solution space makes the ACO metaheuristic a good
candidate for parallelization. However, this potential comes with
important challenges mainly due to pheromone management and
to the size of the data structures that have to be maintained. Works
on traditional, CPU-based parallel ACO can be classified into two
general approaches: parallel ants and multiple ant colonies. These
approaches are briefly explained in Sections 3.1 and 3.2. On the
other hand, few authors have proposed parallel implementations
dedicated to specific architectures. Section 3.3 is dedicated to these
hardware-oriented approaches. In all cases, a survey of related
works is also provided.
3.1. Parallel ants
Works related to the parallel ants approach, which aims to
execute the ants tour construction phase on many processing
elements, were initiated by Bullnheimer et al. [5]. They proposed
two parallelization strategies for the Ant System on a message
passing and distributed-memory architecture. The first one is
a low-level and synchronous strategy that aims to accelerate
computations by distributing ants to processors in a master-slave
fashion. At each iteration, the master broadcasts the pheromone
structure to slaves, which then compute their tours in parallel and
send them back to the master. The time needed for these global
communications and synchronizations implies a considerable
overhead. The second strategy aims to reduce it by letting
the algorithm perform a given number of iterations without
exchanging information. The authors conclude that this partially
asynchronous strategy is preferable due to the considerable
reduction of the communication overhead.

