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Abstract
Multiple Sequence Alignments (MSA) are widely-used tools
for biological sequence analysis such as function predic-
tion and phylogeny inference. Recently, a MSA algorithm
based on a statistically-sound method for model selection
and parameterization, Fast Statistical Alignment (FSA), has
been introduced. Although FSA is state-of-the-art with re-
spect to accuracy and ability to scale to thousands of se-
quences, it still suffers from problems of long execution time
and high memory consumption when trying to align truly
large datasets of sequences. In this paper, we propose a par-
allelized version of FSA which interacts with a database to
address these problems. First, it runs over a cluster of proces-
sors to reduce its runtime for pairwise comparisons. In or-
der to restrict the memory to be consumed, it requests from
the database only the required datasets while aligning se-
quences. We show that utilizing a cluster of processors can
lead to large performance improvements. Also, by using a
database, we can not only align large datasets without wor-
rying about physical RAM limitations, but also, reuse the
results of previous pairwise comparisons, resulting in a dra-
matic execution time reduction.

1. Introduction
Multiple sequence alignments (MSA) are important tools
for protein, DNA and RNA sequence analysis. The field of
MSA is very active, and as a result, there has been much
effort spent on developing better algorithms. According
to Wikipedia, there are approximately 60 available MSA
programs, including ClustalW [1], which is now the most
widely-used MSA program. More recently, a new MSA pro-
gram named Fast Statistical Alignment (FSA) [2] , based
on a statistically-sound method for model selection and pa-
rameterization, has been suggested. Due to the number of
available programs, it is not easy for biologists to select the
best MSA program for their studies.

Generally, there are three main considerations [3] in
choosing a MSA program: biological accuracy, execution
time and memory consumption. Although biological accu-
racy is the most critical concern, as available sequence data
increases rapidly, longer execution time and large memory

consumption are now serious problems in practice. This
is because the minimum required computational time and
memory usage to maximize biological accuracy has been
shown to scale exponentially with the number of sequences
[4]. For this reason, most MSA programs have a practical
limit on the number of sequences that can be aligned on
modern desktop computers.

While FSA can align hundreds or thousands of sequences
on a single computer, it also suffers from the problem of long
execution time and high memory consumption when trying
to align truly large sequence datasets. The goal of this paper
is to address these large-scale problems of FSA with a cluster
of processors and a database.

We first adopt parallelism to speed up FSA. This is pos-
sible because of a natural independence structure of FSA:
each pairwise sequence alignment is independent of all other
pairs, allowing a dramatic runtime reduction by distribut-
ing the individual pairwise computations to different proces-
sors. In order to make FSA parallelized, two factors are con-
sidered: communication overhead and workload distribution
over different processors. For example, distributing jobs in
very small batches may reduce processor idle time but lead
to high overhead. In contrast, using large batches may in-
crease idle time but minimize overhead. We experimented to
find the optimal size of workloads to be distributed over the
different processors, and found that the Fixed-Size Chunking
strategy [7] worked best: Each of the P processors runs on
chunks of N×(N−1)

2×P pairwise comparisons, where N is the
number of sequences to be aligned.

In addition to taking a large amount of CPU time, FSA
requires a sizable amount of memory for keeping pair-
wise probabilistic data computed via pairwise comparions
in RAM. Moreover, it should be useful to manage and store
such data in a permanent storage medium for reuse. We han-
dle these issues by storing some of the primary data struc-
tures in a database so that FSA can efficiently access the
stored data during its execution. We believe that a database
is good for managing such scientific data because of sev-
eral of its features: schemas for metadata, parallelism for a
distributed environment, and indices for speedup. These fea-
tures are currently not provided by file-oriented approaches.
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The rest of this paper is organized as follows. In section
2 we first present the related works in this field. We intro-
duce the parallelization and the database mode of FSA in
section 3 and 4, respectively. We show that the combination
of the parallelization and the database mode of FSA ame-
liorates problems of long execution time and high memory
consumption with experimental results in section 5. Finally,
we conclude this paper and present future aims in section 6.

Note that throughout this paper, the term parallel FSA
will be used to denote the parallel version of FSA and FSA
for the original version (i.e., non-parallel version) of FSA.

2. Related Work
Many different MSA programs have been presented for
aligning multiple biological sequences. These programs are
mostly based on the idea of progressive alignment [18] that
builds up a final alignment beginning with the most related
pair, and progressing to the most distantly related pair. The
first generation of MSA programs such as ClustalW [1] and
T-Coffee [5], follow this approach. Progressive alignments,
however, cannot be globally optimal because progressive
methods are heuristics in which errors made at any stage in
the course of aligning sequences are propagated through to
the final result.

To address this inherent problem in progressive meth-
ods, another approach called iterative refinement, has been
introduced [11]. This approach works similarly to progres-
sive methods but repeatedly realigns selected subsets of se-
quences in order to achieve higher scores. Many well-known
MSA programs, including DIALIGN [9] and MUSCLE [6],
take this approach.

As another way to improve accuracy, a method based on a
sequence annealing algorithm has been suggested [12]. This
approach builds alignments one match at a time, matching
positions that are more likely to be homologous.

Several state-of-the-art MSA techniques have offered sig-
nificant improvements in biological accuracy, but not in scal-
ability. For example, according to the latest benchmark on
currently available MSA programs [3], T-Coffee has a prac-
tical limit of around 100 sequences on modern desktop com-
puters because of speed and memory requirements.

For this reason, a variety of parallel versions of existing
MSA programs have been presented for improving speed.
For instance, parallel versions of ClustalW have been imple-
mented on a workstation cluster using MPI [19, 20]. The DI-
ALIGN program has also been parallelized [16]. Our work
shares the same spirit with these works in striving to improve
the speed of MSA programs. They, however, do not focus on
another practical problem of MSA programs, high memory
consumption required to align sequences, as we do.

3. Parallelization mode
3.1 Overview of the FSA Algorithm
For multiple alignment, the FSA algorithm works as follows:
in the first step, all pairwise comparisons on a dataset of se-
quences are carried out to calculate the posterior probabil-
ities. For N input sequences, by default, it performs an ex-
haustive distance-based alignment, which requires complete
comparisons between all possible N×(N−1)

2 sequence pairs.
Performing all pair-wise alignments takes O(N2) time which
gives unfavorable runtimes for datasets of many sequences.
FSA overcomes this problem by reducing the number of
pairs of sequences that are compared, costing O(NlogN). See
[2] for the detailed explanation of this approach.

While many MSA programs use a model with parameters
tuned for best performance on a particular dataset such as
BAliBASE 3 [10], FSA estimates model parameters when
calculating posterior probabilities by utilizing an unsuper-
vised query-specific learning procedure. Although training
parameters is a costly operation, it makes FSA robust. FSA
uses different learning strategies for nucleotide and amino
acid emission matrices. For RNAs and DNAs, FSA can learn
a different emission distribution for every pairwise compari-
son of sequences. This is possible because of the small num-
ber of free parameters, (42 − 1) = 15. In contrast, FSA
learns a single emission matrix using an all-pairs comparison
for protein sequences since emission matrices over aligned
amino acids have (202 − 1) = 3, 999 free parameters.

After obtaining the pairwise posterior probabilities, FSA
uses the sequence annealing technique [12] to construct a
multiple alignment. This approach to alignment seeks to
maximize the expected accuracy of the alignment using a
steepest-ascent (greedy) algorithm.

3.2 Master-Worker Framework
For our parallel implementation, we use a modification of
the approach in MW [15]. MW is a software framework to
quickly and easily parallelize scientific computations using
the master-worker paradigm on a cluster of processors. The
master-worker approach works as follows. First, the master
assigns tasks to workers, and then workers perform assigned
tasks. Once tasks are completed, workers report results back
to the master. This approach fits well with parallelizing FSA
because the last stage of the FSA algorithm, the sequence
annealing stage, runs on the master, and can only begin after
collecting all pairwise posterior probabilities from workers.

MW also helps to manage the opportunistic environment
of a cluster. Since, in general, processors in a cluster are
not dedicated, one might suspend and resume its task at any
time. MW handles such uncertainty issues automatically, as
well as fault tolerance and task scheduling. Furthermore, it
can manage the complexity of processor variations such as
different architecture types, speed, OS, etc.

We modified MW for our purpose. We eliminated several
unnecessary internal copies of network data, which were de-

2



Figure 1. Schematic overview of parallel FSA with two processors. For large input sizes, a disk-based database may be used
to store some of the primary data structures and reduce memory usage. Bold arrows show the simplest mode of use for parallel
FSA, where posterior probabilities are calculated directly using default parameters for all pairs of sequences.

grading performance, and the limit on the master’s buffer
size, which restricted the largest size of a communication
data chunk between the master and a worker to 16 MB.
The small buffer size was not appropriate for our applica-
tion because it is very common to send multi-GB probabilis-
tic data from workers to the master. More importantly, when
receiving probabilistic data from each worker, we have the
master using POSIX threads so that all workers can con-
currently transfer data to the master. The original version
of MW does not support a multi-threaded environment, and
therefore, while one worker is transferring data to the master,
others who want to send data to the master must be blocked.
We will explain the benefits of using multiple threads in sec-
tion 3.3. We also added a recovery mechanism that guar-
antees re-distributing failed tasks under the multi-threaded
environment.

Finally, note that instead of using MPI, the Message Pass-
ing Interface designed for a communication protocol of a
cluster of processors, we directly used TCP/IP sockets to
transfer data. Although MPI provides great communication
functionalities between processors in a single cluster, it can-
not be used beyond the cluster. Therefore, in order to put
data into a database that might be outside of the cluster, we
used TCP/IP sockets.

3.3 The workflow of parallel FSA
The primary goal of parallel FSA is to distribute tasks for
computing all pairwise comparisons to available processors
in a cluster. Because each pairwise alignment may be com-
puted independently, it is quite possible to achieve near-
linear speedup. To maximize this speedup, it is important to
find the best strategy satisfying the following two concerns:
First, the amount of message passing between the master and
each worker should be minimized, and second, the total sum
of idle times of workers should be minimized. These two
concerns are related to load-balancing. That is, distributing
tasks in very small batches may reduce processor idle time

but lead to high overhead. In contrast, using large batches
may increase idle time but minimize overhead. We experi-
mented with several strategies, and got maximum speedup
when distributing equal-sized batches, which is called the
Fixed-Size Chunking strategy [7]. Therefore, each of the
P processors performs exactly N×(N−1)

2×P pairwise compar-
isons, where N is the number of sequences to be aligned.

While the pairwise comparisons can be naturally paral-
lelized, the sequence annealing stage does not have the same
obvious independencies. Therefore, parallel FSA performs
the sequence annealing stage only on the master. The paral-
lelization of the annealing step is a future aim.

Figure 1 shows the schematic overview of parallel FSA.
Once parallel FSA is run on the master, it trains parameters
with all-pairs of sequences for protein if necessary (See
section 3.1). Then it distributes the same number of sequence
pairs to each of P workers in a cluster with some extra
data needed to calculate posterior probabilities. Each worker
compares the sequence pairs transferred from the master
to calculate posterior probabilities, training parameters for
DNA and RNA sequences if necessary (See section 3.1).

Once a worker has completed the calculation, it first sends
the finish signal to the master, and starts to send back cal-
culated posterior probabilities. After collecting all pairwise
posterior probabilities from workers, the master begins the
sequence annealing.

When calculating pairwise posterior probabilities, thread-
ing is used on both the master and workers to maximize
the performance of parallel FSA. For workers, threading
is needed to send calculated posterior probabilities back to
the master while simultaneously comparing sequence pairs
and calculating pairwise posterior probabilities. If thread-
ing is not used, transferring calculated probabilities to the
master can be begun only after finishing the comparisons
of sequence pairs. If threading were not used, there would
be nothing for workers to do while sending the data back,
which usually takes a long time (Recall that the size of the
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