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Abstract. mpiBLAST is an open-sourceparallelization of BLAST that
achieves superlinear speed-up by segmenting a BLAST database and
then having each node in a computational cluster search a unique por-
tion of the database.Database segmentation permits each node to search
a smaller portion of the database, eliminating disk I/O and vastly im-
proving BLAST performance. Becausedatabase segmentation does not
create heavy communication demands,BLAST userscan take advantage
of low-cost and e�cien t Linux cluster architectures such as the bladed
Beowulf [8, 16]. In addition to presenting the software architecture of
mpiBLAST, we present a detailed performance analysis of mpiBLAST
to demonstrate its scalabilit y.

1 In tro duction

The BLAST family of sequencedatabase-search algorithms servesasthe founda-
tion for much biological research. The BLAST algorithms search for similarities
betweena short query sequenceand a large, infrequently changing databaseof
DNA or amino acid sequences[1,2]. Newly discovered sequencesare commonly
searched against a databaseof known DNA or amino-acid sequences.Similari-
ties between the new sequenceand a geneof known function can help identify
the function of the new sequence.Other usesof BLAST searches include phy-
logenetic pro�ling and pairwise genomealignment. Unfortunately, traditional
approachesto sequencehomology searchesusing BLAST have proven to be too
slow to keepup with the current rate of sequenceacquisition [12].

BecauseBLAST is both computationally intensive and embarrassingly par-
allel, many approachesto parallelizing its algorithms have beeninvestigated [4,
5,7,10,13{15]. We present an open-sourceparallelization of BLAST that seg-
ments and distributes a BLAST databaseamong cluster nodes such that each
node searchesa unique portion of the database.

Databasesegmentation in BLAST o�ers two primary advantagesover other
parallel BLAST algorithms. First, databasesegmentation can eliminate the high
overheadof disk I/O. The sizesof bioinformatic databasesare now larger than



core memory on most computers, forcing BLAST searches to page to disk.
Database segmentation permits each node to search a smaller portion of the
database,thus reducing (or even eliminating) extraneousdisk I/O, and hence,
vastly improving BLAST performance.With sequencedatabasesdoubling in size
each year, the problem of extraneous disk I/O is expected to persist. The ad-
versee�ects of disk I/O are so signi�cant that BLAST searchesusing database
segmentation can exhibit super-linear speedupversussearcheson a single node.

Second,database segmentation in mpiBLAST does not produce heavy in-
tercommunication betweennodes,allowing it to continue achieving super-linear
speedup over hundreds of nodes. Consequently , scientists using BLAST with
databasesegmentation can take advantage of low-cost and highly e�cien t Linux
clusters such as Green Destiny [8,16]

mpiBLAST, an open-sourceparallelization of BLAST, usesthe MessagePass-
ing Interface [11] (version1) to implement databasesegmentation, allowing it to
work on diversesystem architectures. mpiBLAST has beendesignedto run on
clusters with job-scheduling software such as PBS (Portable Batch System). In
such environments, it adapts to resourcechangesby dynamically re-distributing
databasefragments.

2 The BLAST Algorithm

BLAST searchesa query sequenceconsisting of nucleotides (DNA) or peptides
(amino acids) against a database of nucleotide or peptide sequences.Because
peptide sequencesresult from rib osomaltranslation of nucleotides,comparisons
can be made betweennucleotide sequencesand peptide sequences.BLAST pro-
videsfunctionalit y for comparingall possiblecombinations of query and database
sequencetypes by translating the sequenceson the 
y . Table 1 lists the names
usedto refer to searcheson each possiblecombination of query versusdatabase
type.

Table 1. BLAST search types

Search Name Query Type Database Type Translation

blastn Nucleotide Nucleotide None
tblastn Peptide Nucleotide Database
blastx Nucleotide Peptide Query
blastp Peptide Peptide None
tblastx Nucleotide Nucleotide Query and Database

The algorithms for each typeof search operatenearly identically . The BLAST
search heuristic [1] indexesboth the query and target (database) sequenceinto
words of a chosensize(11 nucleotidesor 3 residuesby default). It then searches
for matching word pairs (hits) with a scoreof at least T and extends the match
along the diagonal. Gapped BLAST [2] consistsof several modi�cations to the



previous algorithm that result in both increasedsensitivity and decreasedex-
ecution time. Gapped BLAST (hereafter referred to simply as BLAST) moves
down the sequencesuntil it has found two hits, each with a score of at least
T, within A letters of each other. An ungapped extension is performed on the
secondhit, generating a 'high-scoring segment pair' (HSP). If the HSP score
exceedsa secondcuto�, a gapped extension is triggered simultaneously forward
and backward. Standard BLAST output consistsof a set of local gapped align-
ments found within each query sequence,the alignment's score, an alignment
of the query and databasesequences,and a measureof the likelihood that the
alignment is a random match betweenthe query and database(e-value).

3 Related Work

3.1 BLAST Hardw are Parallelization

Parallelization at the hardware level takesplace during the sequencealignment
itself. Such techniques are capable of parallelizing the comparison of a single
query sequenceto a single database entry , but require custom hardware with
a greater degreeof parallelization than is present in symmetric multi-pro cessor
(SMP) or symmetric multi-threaded (SMT) systems.The �rst hardware BLAST
acceleratorwas reported by R.K. Singh [15]. More recently , TimeLogic [14] has
commercializedan FPGA-based acceleratorcalled the DeCypher BLAST hard-
ware accelerator.

3.2 Query Segmentation

Query segmentation splits up a set of query sequencessuch that each node in a
cluster or CPU on an SMP system searches a fraction of the query sequences.
By doing so,several BLAST searchescan executein parallel on di�eren t queries.
BLAST searches using query segmentation on a cluster typically replicate the
entire databaseon each node's local storagesystem[4,5]. If the databaseis larger
than core memory, query-segmented searches su�er the sameadversee�ects of
disk I/O astraditional BLAST. When the database�ts in corememory, however,
query segmentation can achieve near linear scalability for all BLAST search
types,even on SMP architectures [7].

3.3 Database Segmentation

In databasesegmentation, independent segments of the databaseare searched
on each processoror node, and results are collated into a single output �le.
Several implementations of databasesegmentation exist, the �rst of which was
within NCBI's BLAST itself. NCBI-BLAST implements databasesegmentation
by multithreading the search such that each processorin an SMP system is
assigneda distinct portion of the database.

Database segmentation has also been implemented in a closed-sourcecom-
mercial product by TurboWorx, Inc. called TurboBLAST [3,6]. TurboBLAST



provides a database segmentation and distribution mechanism explicitly de-
signed for use on networks of workstations. By using TurboWorx's proprietary
TurboHub scheduling and load balancing software, TurboBLAST dynamically
adapts to the current cluster environment. However, its proprietary implementa-
tion only results in linear speed-up(seehttp://www.turboworx.com/products/
turboblast_overview.html ). Furthermore, a recent survey on bioinformatics
and Linux clusters(seehttp://bioinformatics.org/pipermail/bioclusters/
2002-October/000432.html ) shows that none of the sample population uses
this distribution, primarily becauseof its exorbitant cost and its proprietary
nature, which makes it di�cult to integrate with other bioinformatics codes.

Recently another implementation of databasesegmentation was releasedat
ftp://saf.bio.caltech.edu/pub/software/molbio/parallelblast.tar .
parallelblast is composed of a set of scripts that operate in the Sun Grid
Engine/PVM environment. Aside from requiring the SGE/PVM environment,
it alsodi�ers from mpiBLAST in that it is not directly integrated with the NCBI
toolkit and doesnot explicitly provide a load-balancing mechanism.

4 mpiBLAST Algorithm

The mpiBLAST algorithm consistsof two primary steps.First, the databaseis
segmented and placed on a shared storage device. Second,mpiBLAST queries
are run on each node. If a node doesnot yet have a databasefragment to search,
it copiesa fragment from shared storage. Fragment assignments to each node
are determined by an algorithm that minimizes the number of fragment copies
during each search.

4.1 Formatting and Querying the Database

Database formatting is done by a wrapper for the standard NCBI formatdb
called mpiformatdb . mpiformatdb formulates the correct command line argu-
ments to causeNCBI formatdb to format and divide the database into many
small fragments of approximately equal size. Additional command line param-
eters to mpiformatdb allow the user to specify the number of fragments or the
fragment size.Upon successfulcompletion of formatdb , the formatted fragments
are placed on sharedstorage.

Querying the databaseis accomplishedby directly executing the BLAST al-
gorithm as implemented in the NCBI development library available at
ftp://ftp.ncbi.nih.gov/toolbox/ncbi_tools/ . Upon startup, each worker
processreports to the master processwhich databasefragments it already has
on local storage. Next, the master process(that with rank 0), reads the query
sequencesfrom disk and broadcaststhem to all processesin the communication
group. When the query broadcast has completed, each processreports to the
master that it is idle. The master, upon receiving an idle message,assignsthe
idle worker a databasefragment to either search or copy. The worker copiesor



Algorithm 1 mpiBLAST master
Let r esults be the current set of BLAST results
Let F = f f 1 ; f 2 ; :::g be the set of database fragments
Let Unsearc hed � F be the set of unsearched database fragments
Let Unassigned � F be the set of unassigneddatabase fragments
Let W = f w1 ; w2 ; :::g be the set of participating workers
Let D i � W be the set of workers that have fragment f i on local storage
Let Distributed = f D 1 ; D 2 ; :::g be the set of D for each fragment

Require: jW j 6= 0
Ensure: jUnsearc hed j = 0

Unsearc hed  F
Unassigned  F
r esults  ;
Broadcast queries to workers
while jUnsearc hed j 6= 0 do

Receive a message from a worker wj

if message is a state request then
if jUnassigned j = 0 then

Send worker wj the state SE AR CH COM PLE TE
else

Send worker wj the state SE AR CH F RAGM E N T
end if

else if message is a fragment request then
Find f i such that minD i 2 Distributed jD i j and f i 2 Unassigned
if jD i j = 0 then

Add wj to D i

end if
Remove f i from Unassigned
Send fragment assignment f i to worker wj

else if message is a set of search results for fragment f i then
Merge message with r esults
Remove f i from Unsearc hed

end if
end while
Prin t r esults



searchesits assignedfragment and reports to the master that it is idle whencom-
plete. This processis repeated until all databasefragments have beensearched.

The master processusesa greedy algorithm to determine which fragments
to assign each worker. First, if the idle worker has any unsearched fragments
that no other worker has on local storage, the worker is assignedto search the
unique fragment. If a worker has no unique fragment, the worker is assigned
the unsearched fragment which exists on the smallest number of other work-
ers. Finally, if an idle worker has no unsearched fragments, it is told to copy
the unsearched fragment existing on the fewest other workers. The set of frag-
ments currently being copied is tracked by the master to prevent duplicate copy
assignments to di�eren t workers.

Algorithm 2 mpiBLAST worker
quer ies  Receive the queries from the master
cur r entState  Receive the state from the master
while cur r entState 6= SE AR CH COM PLE TE do

cur r entF r agment  Receive a fragment assignment from the master
if cur r entF r agment is not on local storage then

Copy cur r entF r agment to local storage
end if
r esults  B LAS T(quer ies; cur r entF r agment )
Send r esults to master
cur r entState  Receive the state from the master

end while

When each worker completesa fragment search, it reports the results to the
master. The master mergesthe results from each worker and sorts them accord-
ing to their score. Once all results have been received, they are written to a
user-speci�ed output �le using the BLAST output functions of the NCBI devel-
opment library . This approach to generatingmergedresults permits mpiBLAST
to directly produceresults in any format supported by NCBI-BLAST, including
XML, HTML, tab delimited text, and ASN.1.

5 mpiBLAST Performance

NCBI-BLAST and mpiBLAST have been benchmarked on several systems in
an e�ort to characterize their performanceand scalability. We �rst present the
performance of NCBI-BLAST when the database is larger than core memory,
demonstrating a signi�cant decreasein performance causedby additional disk
I/O. Next, we show that mpiBLAST (with its database-segmenting technique)
achieves superlinear speed-up on multiple nodes when the database is larger
than the core memory of a single node. We continue by assessingthe scala-
bilit y of mpiBLAST to many nodes. Then, we present the additional running
time incurred by various components of the mpiBLAST algorithm as it scales.
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Fig. 1. (left) The performance of a blastn search using NCBI-BLAST when run on a
system with 128MB RAM. As the databasesizegrows larger than core system memory
total running time increasesrapidly . A sharp increasein disk I/O is also observed when
the database is large and can no longer �t in memory.

Our benchmarking methods have beencarefully designedto accurately re
ect a
typical usagepattern by molecular biologists.

5.1 Benc hmarking Metho ds

When benchmarking BLAST search performance, decisionsabout the type of
search to perform cansigni�cantly in
uence timing results. Factorssuch asquery
length, number of queries, total databasesize, length of databaseentries, and
sequencesimilarit y between the query and databaseentries a�ect the amount
of time consumedby the BLAST algorithm [7]. Each factor must be carefully
considered if the benchmarks are to accurately re
ect typical BLAST usage
patterns by molecular biologists.

We have endeavored to perform benchmarks that model the typical usageof
BLAST when integrated into a high throughput genomesequencingand annota-
tion pipeline. When usedin this context, each BLAST query is a predicted gene
in a newly sequencedorganism. The BLAST search results are used to assist
human annotators in determining the biological role of each predicted gene[9].
Becausemany organismshave thousands of genes,the large number of search
queriesgeneratedby genomesequencingand annotation projects demandheavy
computation. We have chosento model this scenariobecausesequencingand an-
notation projects can bene�t from mpiBLAST's improved BLAST performance.

The benchmarks described in the following sectionsutilize predicted genes
from a newly sequencedbacterial genomeas BLAST queries. The query gene
lengths are approximately exponentially distributed with a mean� = 747.2base
pairs and standard deviation � = 684.2.The databasesequencesare taken from



the GenBank nt database,a large public repository of non-redundant nucleotide
sequences.Ignoring a small number of outliers whose length is greater than
25,000bp, the length of the nt databaseentries can also be reasonablyapprox-
imated by an exponential distribution where � = 1370.

5.2 Low Memory Performance

NCBI-BLAST was benchmarked on a system with 128MB memory using in-
creasingly large databasesizesto determine the e�ect of databasesthat do not
�t in corememory. Each run measuredthe total running time of a blastn search
using the same set of query sequencesagainst a larger database. We utilized
Linux's BSD process-accounting facilities to collect system-activity statistics.

Figure 1 shows total BLAST run times alongsidethe averageblocks read per
secondfrom the disk for each databasesizetested. Formatted BLAST databases
are compressedversionsof the raw sequencedatabases.A formatted nucleotide
databaseconsumesapproximately 25%asmuch spaceasa text �le containing the
sequences.As the databasesizeexceedsthe total system memory size,BLAST
running times and averageblocks read per secondincreasesharply. Becausethe
operating system cannot cache the entire databaseBLAST must wait for it to
be re-read from disk when processingeach query sequence.

Like NCBI-BLAST, the performanceof mpiBLAST su�ers when confronted
with low memory conditions. However, becausempiBLAST e�ectiv ely usesthe
aggregatememory of all worker nodes,the databasecan grow much larger before
causingextra disk I/O.
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Fig. 2. Speedup of mpiBLAST on Green Destiny. 300 KB of query sequenceswere
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imately 1.2 GB, much larger than the 640-MB core memory per node. The search
causesheavy disk I/O when a single node is used.



To get an overview of scalability when the database is larger than a sin-
gle node's core memory, we benchmarked mpiBLAST on Green Destiny [8,16].
Green Destiny is a 240-node bladed Beowulf cluster based on the Transmeta
Crusoe processor.Each compute node consistsof a 667-MHz TM5600, 640MB
RAM, 100-Mb/s Ethernet, and a 20-GB hard drive running under Linux 2.4.

Figure 2 shows mpiBLAST performancemeasurements taken on Green Des-
tiny. Fragments of a 5.1-GB uncompresseddatabasewerepre-distributed to each
worker and a short query was executed to prime the bu�er-cache. By priming
the cache, we hope to simulate the casewhen the cluster is processingmany
BLAST queries in quick succession.Each timed run used 300 KB of predicted
genesequences.

The singleworker search consumed22.4hourswhereas128workerscompleted
the search in under 8 minutes. Relative to this single-worker case,mpiBLAST
achieved super-linear speedup in all casestested. However, as the number of
workers increasesthe e�ciency of mpiBLAST decreases.

5.3 Where does the time go?

The decreasein e�ciency observedwhenscalingmpiBLAST to many nodesleads
us to ask\What is mpiBLAST doing with the extra time?" mpiBLAST's running
time can be decomposedinto �v e primary components: (1) MPI and mpiBLAST
initialization, (2) database-fragment copying time, (3) BLAST search time, (4)
communication time, and (5) result merging and printing time. In order to de-
termine how each component contributes to the total execution time, we pro�led
mpiBLAST with the MPE library to collect wall-clock timing statistics and used
gprof to measureCPU usage.

Measurements were taken on systemslocated in the Galaxy cluster at SUNY
Stony Brook. Each node contains dual 700-MHz Pentium I I I processorswith 1-
GB PC133 SDRAM, 100-Mb/s Ethernet connectedto a Foundry Networks Big
Iron 8000switch, and a 20-GB hard drive.

Two gigabytes of the nt databasewereformatted into 25 fragments. Each run
measuredthe components of execution time on 1 through 25 workers using the
samesetof databasefragments and an 10-KB query of predicted ORF sequences.
Figure 3 shows the contribution of each component to the total running time of
mpiBLAST. Basedon thesemeasurements, we concludethat for small numbers
of workers, execution time is dominated by BLAST searches. As more workers
are utilized, the time spent formatting and writing results grows relative to total
execution time. Communication consistently accounts for less than 1% of the
total execution time.

Although some workers may �nish before others during the search phase,
the master waits until all workers have completed before formatting the results.
Thus, the total execution time is dependent on the longest running worker.
Each bar in Figure 3 shows the execution time of components of the longest
running worker in addition to the time spent formatting by the master in order
to accurately re
ect the components of the total execution time.



Fig. 3. How time is spent in mpiBLAST. Each bar is a composite that shows how time
was spent on the longest running worker node in addition to the time spent merging
results by the master node. Total execution time is largely dominated by BLAST search
time.

The measurements discussedhere were taken by searching the same25 frag-
ment database with a variable number of workers. In a search using a single
worker, all 25 fragments would be assignedto the sameworker. When searching
with 25 workers, each worker searchesa single fragment. However, when search-
ing with somenumber of workers that is not an even divisor of the number of
fragments, an imbalance in the number of fragments searched by each worker
occurs. In such a scenario,someworkers complete early while the other work-
ers search the remaining fragments. Also, some database fragments may take
much longer to search than others becausethe query sequenceis very similar
to that fragment. Since result formatting proceedsafter all workers have com-
pleted searching, an imbalancein the ratio of workers to fragments can result in
execution time beyond what would be observed in the balancedcase.

One potential solution to the problems of imbalancein the worker/fragment
ratio and variable fragment-search times would be segmenting the databaseinto
a large number of small fragments. The expectation is that a small fragment
would get searched quickly. In the caseof imbalance,workers that must search
an additional fragment would not delay result formatting by much. In the case
of highly variable fragment-search times, the large number of fragments would
allow mpiBLAST to balance the load among the workers, assigningadditional
databasefragments to workers as they complete fragment searches.

However, a tradeo� exists when segmenting the database into many small
fragments becausethere is signi�cant overhead in searching extra fragments.
Figure 4 shows the total execution time of mpiBLAST when searching the same
database broken into a variable number of fragments. Searching a 422 frag-
ment versusa 105 fragment databaseincurs an additional 140%wall clock time.
The time required to format and output results increaseswith the number of
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Fig. 4. The overhead of performing the same mpiBLAST search increaseswith the
number of database fragments used. Each measurement of running time (y-axis) was
taken by formatting an identical database with a varying number of fragments. The
unusual numbers of database fragments arise becauseNCBI formatdb's segmentation
method tries to guarantee a maximum fragment size, not a particular number of frag-
ments.

fragments used, but is independent of the number of processorsused. Figure 5
shows measurements of the result formatting and output component times for
mpiBLAST when searching a databasebroken into a variable number of frag-
ments.

The measurements suggest that by varying the number of database frag-
ments, an mpiBLAST user can trade additional CPU overhead and somewall
clock execution time for less variabilit y in the execution time over di�eren t
queries.Increasingthe number of processorsreliably shortensthe execution time
but may also require increasing the number of database fragments, which in-
creasesthe cost of the serial result format and output component of execution
time. The optimal balance between number of processorsand number of frag-
ments will depend on the priorities of the individual user.

Finally, it is important to note that in many casesfragment copy time will be
negligibleor non-existent becausethe databasewill havealreadybeendistributed
during a previous search.

6 Future Work

There are several directions for future work on mpiBLAST's algorithms. First,
mpiBLAST doesnot provide transparent fault tolerancewhena node goesdown.
A transparent fault-tolerance mechanism could be easily integrated into the cur-
rent mpiBLAST algorithm. Each node would periodically senda messageto the
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Fig. 5. The overhead of formatting and outputting results for the same mpiBLAST
search increaseswith the number of database fragments used. The time spent format-
ting and outputting results is independent of the number of processorsused becauseit
is a serial component of the algorithm executed on the master node.

master that it is still alive and searching. If the master doesnot receive a mes-
sagefrom a particular node before a timeout occurs, that node's work would
be reassignedto another node. Fragment searching would continue as normal
without the downed node.

A secondpotential improvement to the mpiBLAST algorithm is the integra-
tion of databaseupdates. To implement such a scheme, each node could check
a central repository of versioning information for the databasefragments. If a
fragment has been updated the node responsible for processingthat fragment
can retrieve an updated copy of the fragment. The master node would alsocheck
the databasefor new fragments that should be searched.

A third improvement to the mpiBLAST algorithm would be providing ad-
ditional parallelization with query segmentation. To do so, a scheduler would
determine the optimal number of nodes to use for a particular set of queries.
Large query sets are split among subsetsof the nodes such that each subset
searches the entire database. However, predicting the optimal division of the
query set may be di�cult due to the high variabilit y in search time acrossdif-
ferent queries.

BecausempiBLAST spendsthe majorit y of its time executingNCBI Toolbox
code, improvements to the Toolbox could sign�cantly in
uence performance.Our
measurements indicate that there is high overheadfor using additional database
fragments. Further pro�ling to reduce the fragment overheadwould allow mpi-
BLAST to more e�cien tly load-balancethe search and reducetotal search time.



7 Conclusion

We have described mpiBLAST, an open-source,MPI-based implementation of
database segmentation for parallel BLAST searches. Database segmentation
yields near linear speedup of BLAST in most casesand super-linear speedup
in low memory conditions. mpiBLAST directly interfaces with the NCBI de-
velopment library to provide BLAST users with interface and output formats
identical to NCBI-BLAST.

Finally, analyzing the components of mpiBLAST's running time shows that
the bulk of execution time is spent performing BLAST searches.Communication
consumesa relatively small portion of time. Merging and printing BLAST results
alsorepresents a relatively small amount of the total executiontime. Our �ndings
indicate that mpiBLAST scaleswell to at least one hundred nodes.
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