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Abstract— The focus of this article is to explain our research
involved with running a parallel implementation of the widely
used BLAST algorithm on thousands of processors, available on
supercomputers like the IBM Blue Gene/L. Our work involved
optimally splitting up the set of queries as well as the database.
We also found solutions to reduce the I/O thereby delivering
a fast, high throughput BLAST. Our results show that we are
capable of performing at least 2 million BLAST searches per
day against a database of 2.5 million protein sequences. We also
show very good performance in terms of speedup and efficiency.

I. INTRODUCTION

There has been an ever increasing growth in the size of nu-
cleotide and protein databases due to advances in sequencing
technology. There is a high demand in the area of computa-
tional biology to extract useful information from these massive
databases. This has led to the usage and development of high
performance computing power to help researchers sift through
the voluminous biological data. Supercomputers, clusters, and
custom designed bioinformatics hardware solutions attempt
to tackle the various problems stemming from analysis of
biological data.

BLAST (Basic Local Alignment Search Tool) [1], [2] is a
widely used bioinformatics application for rapidly querying
nucleotide (DNA) and protein sequence databases. Given a
query sequence, the goal is to find the most similar sequences
from a large database. This has applications in the identifi-
cation of functions and structures of unknown sequences or
understanding the evolutionary origin of DNA or protein query
sequences. Due to its high importance, BLAST also finds a
place in almost all the bioinformatics solutions.

The simplest approach to find the most similar database
sequences to a query is to calculate the pairwise score of
the alignment between the query and every sequence in the
database, using an alignment algorithm like Smith-Waterman.
However, the computational cost of this method is high, and
most of the alignments have very poor scores. BLAST uses
some heuristic methods to reduce the running time with little
sacrifice in accuracy. BLAST is available on the web or
for download and the most popular implementation is from
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NCBI (the National Center for Biotechnology Information,
http://www.ncbi.nlm.nih.gov/BLAST).

Recently, there have been several approaches to using
BLAST on supercomputers and clusters. Some of these ap-
proaches [3], [4], [5] focus on the “embarrassingly parallel”
solution of distributing the query set across several cluster
nodes, each of which executes a serial job. Throughput is
increased, but the time for a particular query to complete is un-
changed. Another approach is to parition the database among
cluster nodes and have each node search an assigned part of
the database for the same query [6], [7], [8]. This approach
of database splitting was developed in the mpiBLAST [6]
implementation and optimized in pioBLAST [9]. Only one
query is searched at a time, but the portion of the database
each processor has to look at is reduced.

Our research focused on using a larger number of processors
for running BLAST than ever before. This was done with
Blue Gene/L [10], the world’s fastest supercomputer1. Each
refrigerator-sized rack of Blue Gene/L consists of 1024 nodes.
Each node has two 700 MHz PowerPC 440 processors and 512
MB of memory. Compared to other large supercomputers, the
Blue Gene has low power consumption per processor and a
very fast interconnect network.

Our parallel BLAST solution not only focused on the
database fragmentation as introduced in mpiBLAST but also
integrated query load division. This scheme allowed us to use
a large number of processors. We introuced new input and
output handling schemes extending the efficient data access
methods seen in the pioBLAST implementation.

In this report we begin Section II with a discussion of related
work in terms of mpiBLAST and pioBLAST. We follow
this with the discussion of our BLAST solution as well as
introduced I/O techniques in Section III. Section IV shows
our results on the Blue Gene/L for various datasets. We close
the paper with Section V which states the conclusions and
future directions for this area.

II. PREVIOUS WORK

Earlier work in achieving a faster BLAST solution has led
to customized BLAST hardware [11], [12], shared memory
parallel BLAST and distributed memory parallel BLAST. As

1http://top500.org
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discussed in [9] there have been two adopted techniques: one
dealing with splitting of the database and the other dealing
with the query load distribution. In this section we discuss the
fairly recent work using the database fragmentation strategy.

A. mpiBLAST

mpiBLAST [6] was developed at Los Alamos National
Laboratories. This work introduced the database fragmentation
strategy in the context of BLAST. It is an open source project
that uses the standard message passing protocol (MPI) [13] for
its parallel BLAST implementation. It works on a wide range
of clusters and supercomputers and has gained popularity
amongst members of the bioinformatics community needing a
high performance BLAST.

It works by initially dividing up the database into multiple
fragments so that each processor has a separate smaller frag-
ment to work on (this program is called mpiformatdb). The
searching of a fragment is independent of any other fragment
lending a very parallelizable solution.

Most of the nodes are workers: they open up a fragment file,
call the NCBI serial code to conduct the search, and return the
results. There is one scheduler node that reads in the query
(or queries), broadcasts to the other nodes, and decides which
fragments each worker should search. The last node is a writer
node that receives the results from each worker, sorts them by
score, and writes the output file.
mpiBLAST tries to substantially reduce the disk I/O read

times by reducing the size of database to be read in by each
cluster node and making it small enough to fit in memory.
However, mpiBLAST suffers from non-search overheads with
increasing number of processors and varying database sizes as
discussed in [9].

B. pioBLAST

In a data driven application like BLAST, it is apparent that
poor handling of I/O can lead to performance bottlenecks.
pioBLAST [9] optimized mpiBLAST by introducing flexible
database partitioning options, enabling concurrent access to
shared files by use of parallel I/O, and caching of intermediate
files and results.
pioBLAST stands for parallel I/O BLAST and uses MPI-

IO [14], [15] for efficient data access. MPI-IO allows mul-
tiple processors to read or write files simultaneously. This
is especially helpful in combining the results from all of
the processors at the end of the run. The scheduler and
writer nodes are combined into a single process called the
master. The database fragments and other files are mapped
into memory buffers, so they are not read more than once,
even through multiple queries.
pioBLAST is also able to segment the database dynami-

cally, eliminating the need to preformat the database. However,
this strategy would not work well when the database size
exceeds the memory on the master node. We did not test this
functionality as it was efficient to have a distributed database,
fragmented beforehand. This would allow us to efficiently read

the entire database through multiple sources as described later
in Section III.

When we ran pioBLAST for increasing number of frag-
ments, we noticed that the running time no longer improved
significantly. There was a limit to how many fragments the
database could be broken into. This was due to the fact that
as the number of fragments grew the amount of time needed
to combine the results increased, resulting in a higher cost for
parallelization.

III. METHODS

To utilize as many nodes of the Blue Gene/L as possible,
we implemented an additional parallelization of distributing
the query set along with the database segmentation. We were
also aware of the strengths of the Blue Gene/L, a large
number of low power processors integrated with high speed
interconnection networks. The work described in [16] gave a
good overview of designing scalable applications for the Blue
Gene/L.

We defined a group as a set of processors working on a
fraction of the total input queries, with each processor having
a fragment of the database and the group collectively having
the entire database. Each group consists of a master node
and a number of workers. For our tests, we use what the
pioBLAST paper [9], calls natural partitioning, where the
number of processors in the group is one more than the number
of database fragments. Each group is assigned a subset of
the overall query sequences. For a complete job, the overall
number of processors used is given by the equation:
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The current implementation only supports static query set
partitioning. Therefore we needed to attempt to distribute the
query set so that each group would have approximately the
same work load. We found that balancing the total lengths of
the queries assigned to each group (as opposed to the number
of queries) worked well to avoid processor idling.

Rather than having all the groups reading the database from
the input source, we employed an efficient scheme where only
the first group was assigned to be the reader. The processors in
the reader group would be responsible for reading the needed
fragment. These processors would then broadcast the fragment
to corresponding processors needing the same fragment in
the other groups. This scheme, which we call the broadcast
strategy, is illustrated with Figure 1, where the red line shows
the efficient data flow of this strategy. The blue line represents
the alternative all-reader strategy, where every processor must
retrieve a fragment from disk.

Instead of using a single disk as the input source we
replicated our database on multiple file servers (four IBM
X345 systems). The database read load was shared across the
four file systems. This method also distributed the load of
writing intermediate files. This technique is similar in concept
to data mirroring and has been widely used before to reduce
disk access bottlenecks in other applications [17].

We also employed a radical model of driving input data into
the application by implementing a server agent. This agent
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Fig. 1. Parallel Blast Model. The database is read from one of the three sources shown on the left via one of the data flow schemes.

would store the database fragments into its memory and then
transfer the data to the worker nodes when requested using the
TCP connection to avoid the file system overhead. Currently,
our implementation used a single server and single port to
handle the incoming requests for database fragments from the
worker nodes. The server process would spawn child processes
depending upon the fragment requested and set up a new port
for the transfer. This strategy was an initial model and showed
promising results.

We saw an increase in the performance when we replicated
the servers such that the requests made by the worker nodes
was distributed across the several servers. In the future we
would like to try a dedicated server-fragment strategy where
a server would be responsible for only one fragment. The
worker nodes would have information regarding the server
they would need to connect for getting their fragment. From
our single server model results, we anticipate a substantial
reduction in the input read times with the dedicated server-
fragment strategy.

IV. PERFORMANCE EVALUATION

In this section we evaluate our parallel BLAST solution
on the Blue Gene/L. We ran several experiments with the
different techniques proposed in the earlier section. This
helped us in understanding the optimal parameters for
achieving a high throughput and highly scalable parallel
BLAST implementation. Most of the tests were performed on
the development Blue Gene/L system at IBM Rochester. This
development system consisted of 4096 nodes, where each
node consisted of two 700 Mhz PowerPC 440d processors.
The system was enclosed in four racks or towers.

A. Datasets

For benchmarking purposes, we used freely available
datasets and databases. There were two databases and three
input files used in the data reported in this paper. One problem
that we faced when benchmarking or performing comparative
studies was that the database were continually updated with
new sequences.

Databases:

1) nr: The nonredundant protein database. Contains 2.5
million protein sequences as of June 2005. 1.2 GB
unformatted, 1.6 GB formatted. Source: NCBI

2) nt: Nucleotide database. Contains 2.5 million nucleotide
sequences as of August 2005. 16 GB unformatted, 4.5
GB formatted. Source: NCBI

Query files:

1) arabidopsis: 1168 EST protein sequences from
Arabidopsis thalinia. Average length: 465 bases (min
128, max 706). Source: Bioinformatics Benchmark
System v. 3 from Scalable Informatics2

2) arabidopsis full: 28014 EST protein sequences from
Arabidopsis thalinia. Average length 419 bases (min 28,

2The file has “tomato” in its name, but the sequences all have arabidopsis
in their descriptions
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max 715). Source: Bioinformatics Benchmark System
v. 3

3) e.chrysanthemi: 441 Erwinia chrysanthemi bacterial
genome nucleotide sequences. Average length 658 bases
(min 96, max 4367). Source: Aaron Darling (used in [6])

All of the graphs and tables reported in this paper benchmark
the performance of blastx (querying a nucleotide sequence
against a protein database), using the nucleotide arabidopsis
query file against the protein nr database. The performance
results remain similar when using blastn (querying a nu-
cleotide sequence against a nucleotide database) or blastp
(querying a protein sequence against a protein database).
Additional results are from blastx query of arabidopsis full
versus nr and blastn query of e.chrysanthemi versus nt.

B. Results

A significant portion of the non-search fraction of the total
BLAST run time is dependent on the database read time.
Reading a large database can cause a huge stress on the
network bandwidth as well as the I/O of any system. As
mentioned in Section III we employed various strategies to
reduce the database read time compared to the actual search
time. We ran several experiments to compare these database
reading techniques using the arabidopsis dataset against the
nr database.

Figure 2 shows the database read times using 63 fragments
with an increasing number of processors for various data
driving strategies. Both the single disk (scratch) and the
multiple X345 file systems show improvement with the broad-
cast strategy over the all-reader strategy. The data mirroring
technique as seen with the use of four X345 systems gives
the best I/O performance which finally gets reflected in the
total run time. This is illustrated in Figure 3, which shows the
total run times with increasing number of processors using 63
fragments. It was interesting to observe that with the broadcast
strategy we were able to keep the input read times constant
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Fig. 2. Database Read Time Performance for x345 vs Scratch Disk. The
database was split into 63 fragments.

as we increased the number of groups and hence the number
of processors.

TABLE I

Percentage improvement in the database read times using single group read

and broadcast strategy. Number of fragments used = 31

Scratch Disk X345 Systems
Groups No Bcast Bcast Improv. No Bcast Bcast Improv.
1 9.27 9.27 0.00% 8.00 8.00 0.00%
2 18.61 9.49 49.01% 5.80 8.00 -37.9%
4 21.96 9.85 55.15% 9.54 7.93 16.88%
8 49.63 11.04 77.76% 23.69 9.92 58.13%
16 115.14 11.61 89.92% 28.08 14.79 47.33%
32 220.62 15.66 92.90% 39.88 9.88 75.23%
64 311.31 26.44 92.00% 77.26 15.29 80.21%

The percentage improvement in database read times is
shown in Table I. The percentage improvement of the broad-
cast strategy over the all-reader strategy rises considerably
with an increasing number of processors. As we increase the
number of processors, the all-reader strategy causes concurrent
access to the input source and leads to congestion. However,
in the broadcast strategy there are a constant number of pro-
cessors accessing the input source irrespective of the number
of groups. Hence, we see a constant read time for the same
number of fragments which explains the high performance
gain.

We performed a similar study on the database read times for
our simple implementation of single server single port model.
It was observed that the database read times were comparable
to a single disk results. Preliminary testing of replicating
servers, such that multiple servers would share the load as
input sources showed relatively better performance compared
to a single server. The next step would be to test the dedicated
server-fragment strategy described earlier in section III.

The other main component of our experiments was to
establish the optimal number of groups and fragments that
could be run on the Blue Gene/L utilizing as many processors
as possible. Figure 4 shows the total run time across different
partition sizes, using increasing number of groups. Employing
the broadcast strategy, along with a single input source, we
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Fig. 4. Total runtimes for using different partition sizes with varying number of processors on a single scratch disk. For example, following equation 1, the
tallest bars represent 2 groups of 15 fragments and 1 group of 31 fragments, respectively.

see that there is almost perfect scalability as we increase the
number of groups for almost all fragment sizes. It is also
interesting to note that the run time remains the same for same
number of processors with different fragment size.

However, for 511 fragments increasing the number of pro-
cessors leads to an increase in the run times. Looking at the
timing profiles, we realized this was due to the large number
of intermediate files and results that needed to be recombined.
The size of the fragment to be searched per processor becomes
very small, making the results combination step greater than
the actual search time.

Figure 5 shows the speedup performance achieved by our
scheme with increasing processors across different fragment
sizes. Unlike mpiBLAST results [6], we assume our serial run
times to be void of any paging overhead and hence compute
it with reference to a parallel job using 16 processors on the
Blue Gene/L.

For the same arabidopsis dataset, the running time on 16
processors was over 7000 seconds, which reduced almost lin-
early to only 73 seconds (our best run time for the benchmark)
using a full rack (1024 nodes/2048 processors, 32 groups
of 64 processors). A larger test with 28,014 EST sequences
(arabidopsis full) finished in under 20 minutes, equating to an
amazing rate of 2 million sequences per day. These runs were
made using the four X345 systems and the broadcast strategy.

We also compared our results against the e.chrysanthemi
benchmark used by the mpiBLAST group3 on the Green
Destiny cluster [18]. We were able to complete the task in 71
seconds using 512 nodes of Blue Gene. The reported run time
for mpiBLAST on the Green Destiny cluster was 10 minutes
using 128 processors.

3http://mpiblast.lanl.gov/About.Performance.html
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V. CONCLUSIONS

Our work has helped achieve a massively parallel BLAST
search engine, delivering high throughput while remaining
efficient with the usage of a large number of processors. The
result of this work is what we believe to be the fastest BLAST
machine yet developed. Our tests show it is able to handle
many times more queries per day than NCBI4, though we were
have not yet tested as diverse a set of queries and databases
as available on NCBI’s servers.

Using thousands of processors raises technical challenges
not conceivable on the level of a few dozen processors,

4As of April 2005, NCBI handles 400,000 queries per day according to
ACM Queue vol. 3, no. 3, April 2005
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and issues such as I/O and problem decomposition must be
resolved in even more detail. We have introduced several
practical ways of reducing the disk access times in data driven
applications like BLAST.

Currently, our query partitioning technique is static and
depends on the number of characters to be processed by
each group. Dynamic load balancing and partitioning of the
query set would be a possible future study. It would also be
interesting to test different algorithms for distribution of the
query set as well as database fragmentation.

We also discussed the possible implementation of a
dedicated-fragment server model for better handling of the re-
quests made by the several worker nodes. Future opportunities
for research include adapting this structure for non-heuristic
homology searches using the Smith-Waterman algorithm. An-
other widely used version of BLAST called PSI-BLAST iter-
atively refines the searches. Parallelizing this implementation
would involve challenges of trying to predict the sequences
that would be used for the next round of search. The ideas in
this paper could also be extended to several other data driven
applications on massively parallel environments.
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