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1. Introduction

Multiple pattern matching is the computationally intensive kernel of many applications
including information retrieval and intrusion detection systems, web and spam filters and
virus scanners. The use of multiple pattern matching is very important in genomics
where the algorithms are frequently used to locate nucleotide or amino acid sequence
patterns in biological sequence databases. For example, when proteomics data is used for
genome annotation in a process called proteogenomic mapping (Jaffe et al., 2004), a set of
peptide identifications obtained using mass spectrometry is matched against a target genome
translated in all six reading frames.
Given a sequence database (or text) T = t1t2...tn of length n and a finite set of r patterns P =
p1, p2, ..., pr , where each pi is a string pi = pi

1 pi
2...pi

m of length m over a finite character set Σ,
the multiple pattern matching problem can be defined as the way to locate all the occurrences
of any of the patterns in the sequence database.
The naive solution to this problem is to perform r separate searches with one of the sequential
algorithms (Navarro & Raffinot, 2002). While frequently used in the past, this technique
is not efficient when a large pattern set is involved. The aim of all multiple pattern
matching algorithms is to locate the occurrences of all patterns with a single pass of the
sequence database. These algorithms are based of single-pattern matching algorithms, with
some of their functions generalized to process multiple patterns simultaneously during the
preprocessing phase, generally with the use of trie structures or hashing.
Multiple pattern matching is widely used in computational biology for a variety of pattern
matching tasks. Brundo and Morgenstern used a simplified version of the Aho-Corasick
algorithm to identify anchor points in their CHAOS algorithm for fast alignment of
large genomic sequences (Brudno & Morgenstern, 2002; Brudno et al., 2004). Hyyro et
al. demonstrated that Aho-Corasick outperforms other algorithms for locating unique
oligonucleotides in the yeast genome (Hyyro et al., 2005). The SITEBLAST algorithm
(Michael et al., 2005) employs the Aho-Corasick algorithm to retrieve all motif anchors for a
local alignment procedure for genomic sequences that makes use of prior knowledge. Buhler
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et al use Aho-Corasick to design simultaneous seeds for DNA similarity search (Buhler et al.,
2005). The AhoPro software package adapts the Aho-Corasick algorithm to compute the
probability of simultaneous motif occurrences (Boeva et al., 2007).
As biological databases are growing almost exponentially in time and the current
computational biology problems demand faster and more powerful searches, the performance
of the most widely used sequential multiple pattern matching algorithms is not fast enough
when used on conventional sequential computer systems. The recent advances in parallel
computing are mature enough and can provide powerful computing means convenient
to improve the performance of multiple pattern matching algorithms when used on large
biological databases.
The goals of this chapter are (a) To discuss intelligent methods for speeding up the
search phase of the presented algorithms on large biological sequence databases on both
concurrent and shared memory/distributed memory parallel systems. We also present a
hybrid parallelization technique that combines message passing between multicore nodes and
memory sharing inside each node. This technique could potentially have a better performance
than the traditional distributed and shared memory parallelization techniques, (b) to detail
the experimental results of the parallel implementation of some well known multiple pattern
matching algorithms for biological databases and (c) to identify a suitable and preferably fast
parallel multiple pattern matching algorithm for several problem parameters such as the size
and the alphabet of the sequence database, the amount of distributed processors and the
number of cores per processor. To the best of our knowledge, no attempt has been made
yet to implement the multiple pattern matching algorithms on multicore and multiprocessor
computing systems using OpenMP and MPI respectively.
The rest of this chapter is organized as follows: the next section presents a short
survey of multiple pattern matching algorithms and details the efficient and widely used
Commentz-Walter, Wu-Manber and the Salmela-Tarhio-Kytöjoki algorithms. The third
section discusses general aspects of parallel computing. The fourth section details methods
for the parallel implementation of multiple pattern matching algorithms on clusters and
multicore systems. Section five presents a hybrid parallel implementation of multiple pattern
matching algorithms that use the MPI/OpenMP APIs. Section six discusses the experimental
results of the proposed parallel implementations. Finally, the last section presents the
conclusions of this chapter.

2. Multiple pattern matching algorithms

Based on the way the patterns are stored and the search is performed, the multiple pattern
matching algorithms can generally be classified in to one of the four following approaches.

• Prefix algorithms: With prefix searching the patterns are stored in a trie, a data structure
where the root node represents the empty string and every node represents a prefix of
one of the patterns. At a given position i of the input string the algorithms traverse the
trie looking for the longest possible suffix of t1...ti that is a prefix of one of the patterns
(Navarro & Raffinot, 2002). One of the well known prefix multiple pattern matching
algorithms is Aho-Corasick (Aho & Corasick, 1975), an efficient algorithm based on the
Knuth-Morris-Pratt algorithm, that preprocesses the pattern list in time linear in |P|
and searches the input string in time linear in n in the worst case. Multiple Shift-And,
a bit-parallel algorithm generalization of the Shift-And algorithm for multiple pattern
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matching was introduced in (Navarro & Raffinot, 2002) but is only useful for a small size
of |P| since the pattern set must fit in a few computer words.

• Suffix algorithms: The suffix algorithms store the patterns backwards in a suffix
automaton, a rooted directed tree that represents the suffixes of all patterns. At each
position of the input string, the algorithms search for a suffix of any of the patterns from
right to left to skip some of the characters. Commentz-Walter (Commentz-Walter, 1979) is
an extension of the Boyer-Moore algorithm to multiple pattern matching that uses a suffix
trie. A simpler variant of Commentz-Walter is Set Horspool (Navarro & Raffinot, 2002), an
extension of the Horspool algorithm (Horspool, 1980) that can locate all the occurrences
of multiple patterns in O(n × m) time in the worst case. Suffix searching is generally
considered to be more efficient than prefix searching.

• Factor algorithms: The factor searching algorithms build a factor oracle, a trie with
additional transitions that can recognize any substring (or factor) of the patterns.
Dawg-Match (Crochemore et al., 1999) and MultiBDM (Crochemore & Rytter, 1994) were
the first two factor algorithms, algorithms complicated and with a poor performance
in practice (Navarro & Raffinot, 2002). The Set Backward Oracle Matching and the Set
Backward Dawg Matching algorithms (Navarro & Raffinot, 2002) are natural extensions of
the Backward Oracle Matching (Allauzen et al., 1999) and the Backward Dawg Matching
(Crochemore et al., 1994) algorithms respectively for multiple pattern matching.

• Hashing algorithms: The algorithms following this approach use hashing to reduce
their memory footprint usually in conjunction with other techniques. Wu-Manber
(Wu & Manber, 1994) is one such algorithm that is based on Horspool. It reads the input
string in blocks to effectively increase the size of the alphabet and then applies a hashing
technique to reduce the necessary memory space. Zhou et al. (Zhou et al., 2007) proposed
an algorithm called MDH, a variant of Wu-Manber for large-scale pattern sets. Kim and
Kim introduced in (Kim & Kim, 1999) a multiple pattern matching algorithm that also
takes the hashing approach. The Salmela-Tarhio-Kytöjoki (Salmela et al., 2006) variants
of the Horspool, Shift-Or (Baeza-Yates & Gonnet, 1992) and BNDM (Navarro & Raffinot,
1998) algorithms can locate candidate matches by excluding positions of the input string
that do not match to any of the patterns. They combine hashing and a technique called
q-grams to increase the alphabet size, similar to the method used by Wu-Manber.

2.1 Commentz-Walter

Commentz-Walter combines the filtering functions of the single pattern matching
Boyer-Moore algorithm and a suffix automaton to search for the occurrence of multiple
patterns in an input string. The trie used by Commentz-Walter is similar to that of
Aho-Corasick but is created from the reversed patterns. The original paper presented two
versions of the algorithm, B and B1. The B algorithm creates during the preprocessing phase
a trie structure from the reversed patterns of the patterns set where each node corresponds to a
single character, constructs the two shift functions of the Boyer-Moore algorithm extended to
multiple patterns and specifies the exit nodes that indicate that a complete match is found in
O(|P|) time. The trie is then positioned with its starting node aligned with the mth character of
the input string and is compared backwards to the text making state transitions as necessary,
until the end of the input string is reached in O(n × m) worst case time. When a mismatch is
encountered, the trie is shifted to the right using the shift functions based on the knowledge
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of the suffix of the text that matches to a suffix of one of the patterns. The B1 algorithm
is a modification of the B algorithm that has a linear search time in the worst case since it
stores in memory the input characters that were already scanned. Due to the complicated
preprocessing and the higher memory overhead, the original paper discourages its usage.

2.2 Wu-Manber

Wu-Manber is a generalization of the Horspool algorithm, a simple variant of the
Boyer-Moore algorithm that uses only the bad-character shift, for multiple pattern matching.
To achieve a better performance when |P| is increased, the algorithm essentially enlarges
the alphabet size by considering the text as blocks of size B instead of single characters.
As recommended in (Wu & Manber, 1994), a good value for B is logΣ2|P| although usually
B could be equal to 2 for a small pattern set size or to 3 otherwise. In the preprocessing
phase, three tables are built, the SHIFT table, the HASH table and the PREFIX table. SHIFT is
similar to the bad-character shift table of the Horspool algorithm and is used to determine the
number of characters that can be safely skipped based on the previous B characters on each
text position. Since the maximum amount of characters that can be skipped based on the value
of the SHIFT table is equal to m − B + 1, the Wu-Manber algorithm is not very efficient when
short patterns are used. The PREFIX table stores a hashed value of the B-characters prefix of
each pattern while the HASH table contains a list of all patterns with the same prefix. When
the value of SHIFT is greater than 0, the search window is shifted and a new substring B of the
input string is considered. When no shift is possible at a given position of the input string, a
candidate match is found and the hashed value of the previous B characters of the input string
is then compared with the hashed values stored at the PREFIX table to determine if an exact
match exists. As the experiments of this chapter involve large pattern set sizes, Wu-Manber
was implemented with a block size of B = 3.

2.3 Salmela-Tarhio-Kytöjoki

Salmela-Tarhio-Kytöjoki presented three algorithms called HG, SOG and BG, that extend
the single pattern Horspool, Shift-Or (Baeza-Yates & Gonnet, 1992) and BNDM algorithms
respectively for multiple pattern matching. The algorithms are character class filters; they
essentially construct a generalized pattern with a length of m characters in O(|P|) time for
BG and SOG and O(|P| × m) time for the HG algorithm that simultaneously matches all
the patterns. As |P| increases, the efficiency of the filters is expected to be reduced since a
candidate match would occur in almost every position (Salmela, 2009). To solve this problem,
the algorithms are using a similar technique to the Wu-Manber algorithm. They treat the input
string and the patterns in groups of q characters, effectively enlarging the alphabet size to Σ

q

characters. That way, the performance of the algorithms is improved but with an additional
memory space cost since an alphabet of 28 characters will grow to 216 characters with 2-grams
or 224 with 3-grams. When 3-grams are used, a hashing technique can be applied to reduce
the required memory space to 221 bytes. When a candidate match is found, it is verified
using a combination of the Karp-Rabin (Karp & Rabin, 1987) algorithm and binary search
in O(n(logr + m)) worst case complexity. To improve the efficiency of the verification, a
two-level hashing technique is used as detailed in (Muth & Manber, 1996). The combined
filtering and verification time is O(n) for SOG and O(nlogΣ(|P|)/m) for the BG and HG
algorithms on average. For the experiments of this chapter the HG, SOG and BG algorithms
were implemented using hashed 3-grams.
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For this chapter, the Commentz-Walter, Wu-Manber and the Salmela-Tarhio-Kytöjoki multiple
pattern algorithms were used. The Commentz-Walter algorithm is substantially faster in
practice than the Aho-Corasick algorithm, particularly when long patterns are involved (Wu
and Manber, 2004). Wu-Manber is considered to be a practical, simple and efficient algorithm
for multiple pattern matching (Navarro & Raffinot, 2002). Finally, Salmela-Tarhio-Kytöjoki is
a recently introduced family of algorithms that has a reportedly good performance on specific
types of data (Kouzinopoulos & Margaritis, 2010; 2011). For further details and pseudocode
of the above algorithms, the reader is referred to (Kouzinopoulos & Margaritis, 2010; 2011)
and the original references.

3. Parallel computing

Very often computational applications need more computing power than a sequential
computer can provide. One way of overcoming this limitation is to improve the operating
speed of processors and other components so that they can offer the power required
by computationally intensive applications. Even though this is currently possible to
certain extent, future improvements are constrained by the speed of light, thermodynamic
laws, and the high financial costs for processor fabrication. A viable and cost-effective
alternative solution is to coordinate the efforts of multiple interconnected processors and share
computational tasks among them.
Parallel computing can be classified into two basic techniques based on the way the
communication between the processing nodes occurs: distributed memory and shared
memory. In distributed memory parallel systems (most commonly clusters of computers)
the processing elements are loosely-coupled; each has its own local memory and the
communication between the elements takes place through an interconnected network, usually
with the use of message passing. Shared memory parallel systems (most commonly
multi-processors and multi-core processors) on the other hand are tightly-coupled; they have
a shared access to a common memory area that is also used for the communication between
the processing elements.

3.1 Multi-core system

A multi-core processor is a type of parallel system, which consists of a single component
with two or more independent actual processors (called "cores"). In other words, it is a single
integrated circuit chip or die that includes more than one processing unit. Each core may
independently implement optimizations such as superscalar execution (a CPU architecture
that allows more than one instruction to be executed in one clock cycle), pipelining (a standard
feature in RISC processors and Graphics Processor Units that is much like an assembly line:
the processor works on different steps of the instruction at the same time), and multithreading
(a specialized form of multitasking enabling concurrent execution of pieces of the same
program). Using multiple processors on a single piece of silicon enables increased parallelism,
saves space on a printed circuit board which enables smaller footprint boards and related cost
savings, reduces distance between processors which enables faster intercommunication with
less signal degradation than if signals had to travel off-chip between processors and reduces
the dependence on growth of processor speeds and the related increasing gap between
processor and memory speeds. Hyper-Threading is a technique used in Intel processors that
makes a single physical processor appear to the operating system as two logical processors
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by sharing the physical execution resources and duplicating the architecture state for the two
logical processors.
Threads are a popular paradigm for concurrent programming on uniprocessor as well as
on multiprocessor machines. On multiprocessor systems, threads are primarily used to
simultaneously utilize all the available processors while in uniprocessor systems, threads
are used to utilize the system resources effectively. This is achieved by exploiting the
asynchronous behaviour of an application for overlapping computation and communication.
Multithreaded applications offer quicker response to user input and run faster. Unlike
forked process, thread creation is cheaper and easier to manage. Threads communicate using
shared variables as they are created within their parent process address space. Threads are
potentially portable, as there exists an IEEE standard for POSIX threads interface, popularly
called pthreads (Nichols et al., 1996) that is available on PCs, workstations, SMPs and clusters.
Threads have been extensively used in developing both application and system software.
The most widely used API for shared memory parallel processing is OpenMP, a set of
directives, runtime library routines and environmental variables that is supported on a wide
range of multicore systems, shared memory processors, clusters and compilers (Leow et al.,
2006). The approach of OpenMP is to start with a normal sequential programming language
but create the parallel specifications by the judicious use of embedded compiler directives.
The API consists of a set of specifications for parallelizing programs on shared memory
parallel computer systems without the explicit need for threads management.

3.2 Cluster system

A cluster is a type of parallel or distributed processing system, which consists of a collection
of interconnected stand-alone computers working together as a single, integrated computing
resource.
A computer node can be a single or multiprocessor system (PCs, workstations, SMPs and
multi-core processors) with memory, I/O facilities, and an operating system. A cluster
generally refers to two or more computer nodes connected together. The nodes can exist
in a single cabinet or be physically separated and connected via a LAN. An interconnected
(LAN-based) cluster of computers can appear as a single system to users and applications.
Such a system can provide a cost-effective way to gain features and benefits (fast and
reliable services) that have historically been found only on more expensive proprietary shared
memory systems.
Message passing libraries allow efficient parallel programs to be written for distributed
memory systems. These libraries provide routines to initiate and configure the messaging
environment as well as sending and receiving packets of data. Currently, the two most
popular high-level message-passing systems for scientific and engineering application are the
PVM (Parallel Virtual Machine) (Geist et al., 1994) from Oak Ridge National Laboratory, and
MPI (Message Passing Interface) defined by MPI Forum (Snir et al., 1996).
MPI is the most popular message passing library that is used to develop portable message
passing programs using either C or Fortran. The MPI standard defines both the syntax
as well as the semantics of a core set of library functions that are very useful in writing
message passing programs. MPI was developed by a group of researchers from academia
and industry and has enjoyed wide support by almost all the hardware vendors. Vendor
implementations of MPI are available on almost all parallel systems. The MPI library contains
over 125 functions but the number of key concepts is much smaller. These functions provide
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support for starting and terminating the MPI library, getting information about the parallel
computing environment, point-to-point and collective communications.

3.3 Parallel programming models

Parallel applications can be classified into some well defined programming models. This
section presents a brief overview of two popular programming models, the data parallel and
master-worker models. For further details on parallel programming models, the reader is
referred to (Buyya, 1999; Grama et al., 2003).

3.3.1 The data-parallel model

Data-parallel (Grama et al., 2003) is a programming model where the tasks are statically or
semi-statically mapped onto processes and each task performs similar operations on different
data. This type of parallelism that is a result of identical operations being applied concurrently
on different data items is called data parallelism. The work may be done in phases and the
data operated upon in different phases may be different. Typically, data-parallel computation
phases are interspersed with interactions to synchronize the tasks or to get fresh data to the
tasks. Since all tasks perform similar computations, the decomposition of the problem into
tasks is usually based on data partitioning because a uniform partitioning of data followed by
a static mapping is sufficient to guarantee load balance.
Data-parallel algorithms can be implemented in both shared-memory and message-passing
paradigms. However, the partitioned address-space in a message-passing paradigm may
allow better control of placement, and thus may offer a better handle on locality. On the
other hand, shared-memory can ease the programming effort, especially if the distribution of
data is different in different phases of the algorithm.

3.3.2 The master-worker model

The master-worker model (Buyya, 1999) consists of two entities: the master and multiple
workers. The master is responsible for decomposing the problem into small tasks (and
distributes these tasks among a farm of worker processes), as well as for gathering the partial
results in order to produce the final result of the computation. The worker processes execute
in a very simple cycle: get a message with the task, process the task, and send the result to
the master. Usually, the communication takes place only between the master and the workers
while only rarely do the workers communicate with each other.
Master-worker may either use static load-balancing or dynamic load-balancing. In the first
case, the distribution of tasks is all performed at the beginning of the computation, which
allows the master to participate in the computation after each worker has been allocated a
fraction of the work. The allocation of tasks can be done once or in a cyclic way. The other
way is to use a dynamically load-balanced master/worker paradigm, which can be more
suitable when the number of tasks exceeds the number of available processors, or when the
number of tasks is unknown at the start of the application, or when the execution times are
not predictable, or when we are dealing with unbalanced problems.
The master-worker model can be generalized to the hierarchical or multi-level master - worker
model in which the top-level master feeds large chunks of tasks to second-level masters, who
further subdivide the tasks among their own workers and may perform part of the work
themselves. This model is generally equally suitable to shared memory or message- passing
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paradigms since the interaction is naturally two-way; i.e., the master knows that it needs to
give out work and workers know that they need to get work from the master.
While using the master-worker model, care should be taken to ensure that the master does not
become a bottleneck, which may happen if the tasks are too small (or the workers are relatively
fast). The granularity of tasks should be chosen such that the cost of doing work dominates
the cost of transferring work and the cost of synchronization. Asynchronous interaction may
help overlap interaction and the computation associated with work generation by the master.
It may also reduce waiting times if the nature of requests from workers is non-deterministic.

4. Parallel implementations for distributed and shared memory systems

To implement the Commentz-Walter, Wu-Manber and the Salmela-Tarhio-Kytöjoki algorithms
on a cluster and multi–core environment we followed the process of two phases: dividing
a computation into smaller parts and assigning them to different processes for parallel
execution. A major source of overhead in parallel systems is the time the processes stay idle
due to uneven distribution of load. To decrease the execution time, the available data set must
be decomposed and mapped to the available processes in such a way that this overhead is
minimized.
There are two available mapping techniques, the static mapping technique and the dynamic
mapping technique. Static mapping is commonly used in a homogeneous environment where
all processes have the same characteristics while the dynamic mapping is best suited in
heterogeneous set-ups. A simple and efficient way to divide the data set into smaller parts,
especially when no interaction occurs between neighbour array elements, is by using a line
partitioning where the data is divided on a per line basis.
Let p be the number of available processes and w the number of parts that a text is decomposed
to. In the case of static mapping, each process receives a part consisting of ⌈ n

p ⌉ + m − 1 text

characters prior to the execution of the algorithms. When a dynamic mapping is used instead,
the data set is decomposed into more parts than the available processes (w > p) and each
process receives sb + m − 1 characters where sb is the chosen block size during the execution
of the algorithms. There is an overlap of m − 1 characters on each part to ensure that each
process has all the data needed, resulting in w(m − 1) additional characters to be processed
for the dynamic mapping and p(m − 1) for the static.
For the experiments of this chapter the Master-Worker model was used, as it was concluded
in (Cringean et al., 1988) that is the most appropriate model for pattern matching on either
message passing or shared memory systems. For the data distribution between the master
and the workers, both a dynamic and a static distribution of text pointers was considered
as detailed in (Michailidis & Margaritis, 2003). The biological databases and the patterns
resided locally on each node. The pattern set was preprocessed first by each worker and
the master then distributed a pointer offset to each worker to indicate the area of the text that
was assigned for scanning during the search phase.
As opposed to distributed memory parallelization, shared memory parallelization does not
actually involve a distribution of data since all threads have access to a common memory
area. OpenMP provides the programmer with a set of scheduling clauses to control the way
the iterations of a parallel loop are assigned to threads, the static, dynamic and guided clauses.
With the static schedule clause, the assignment of iterations is defined before the computation
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while with both the dynamic and guided clause, the assignment is performed dynamically at
computation time (Ayguade et al., 2003).
When a block size is not specified, OpenMP divides the data set into p blocks of equal size for
the static clause, where p is the number of processes, while for the dynamic and guided clause
the default block size is 1 iteration per thread, which provides the best level of workload
distribution but at the same the biggest overhead due to synchronization when scheduling
work (Bailey, 2006).

5. Hybrid parallel implementation

In this section we propose a hybrid parallelization approach that combines the advantages of
both shared and distributed memory parallelization on a cluster system consisting of multiple
interconnected multi-core computers using a hierarchical model. At the first level, parallelism
is implemented on the multi-core computers using MPI where each node is responsible for one
MPI process. In the next level, the MPI processes spread parallelism to the local processors
with the use of OpenMP directives; each OpenMP thread is assigned to a different processor
core. More specifically, a static or dynamic distribution of text pointers is used for the MPI
processes to parallelize the computation and distribute the corresponding data. Within each
MPI process, OpenMP is used to further parallelize the multiple pattern matching algorithms
by using a combined parallel work-sharing construct for each computation, namely a parallel
for directive with either the static, dynamic or guided scheduling clauses. Figure 1 presents a
pseudocode of the proposed hybrid technique.

6. Experimental methodology

To compare the performance of the parallel implementations of the multiple pattern matching
algorithms, the practical running time was used as a measure. Practical running time is the
total time in seconds an algorithm needs to find all occurrences of a pattern in an input string
including any preprocessing time and was measured using the MPI_Wtime function of the
Message Passing Interface since it has a better resolution than the standard clock() function.
The data set used consisted of the genome of Escherichia coli from the Large Canterbury
Corpus, the SWISS-PROT Amino Acid sequence database and the FASTA Amino Acid (FAA)
and FASTA Nucleidic Acid (FNA) sequences of the A-thaliana genome:

• The genome of Escherichia coli from the Large Canterbury Corpus with a size of n =
4.638.690 characters and the FASTA Nucleidic Acid (FNA) of the A-thaliana genome with a
size of n = 118.100.062 characters. The alphabet Σ = {a, c, g, t} of both genomes consisted
of the four nucleotides a, c, g and t used to encode DNA.

• The FASTA Amino Acid (FAA) of the A-thaliana genome with a size of n = 11.273.437
characters and the SWISS-PROT Amino Acid sequence database with a size of n =
182.116.687 characters. The alphabet Σ = {a, c, d, e, f , g, h, i, k, l, m, n, p, q, r, s, t, v, w, y} used
by the databases had a size of 20 different characters.

The pattern set used consisted of 100.000 patterns where each pattern had a length of m = 8
characters.
The experiments were executed on a homogeneous computer cluster consisting of 10 nodes
with an Intel Core i3 CPU with Hyper-Threading that had a 2.93GHz clock rate and 4 Gb of
memory, a shared 4MB L3 cache and two microprocessors cores, each with 64 KB L1 cache

169
Parallel Processing of Multiple Pattern Matching Algorithms 
for Biological Sequences: Methods and Performance Results

www.intechopen.com



10 Will-be-set-by-IN-TECH

Main procedure
main()
{

1. Initialize MPI and OpenMP routines;
2. If (process==master) then call master(); else call worker();
3. Exit message passing operations;

}

Master sub-procedure
master()
{

1. Broadcast the name of the pattern set and text to workers; (MPI_Bcast)
2. Broadcast the offset of the text, the blocksize and the number of

threads to workers; (MPI_Bcast)
3. Receive the results (i.e. matches) from all workers; (MPI_Reduce)
4. Print the total results;

}

Worker sub-procedure
worker()
{

1. Receive the name of the pattern set and text; (MPI_Bcast)
2. Preprocess the pattern set;
3. Receive the offset of the text, the blocksize and the

number of threads; (MPI_Bcast)
4. Open the pattern set and text files from the local disk and store the

local subtext (from text + offset to text + offset + blocksize) in memory;
5. Call the chosen multiple pattern matching algorithm passing

a pointer to the subtext in memory;
6. Divide the subtext among the available threads (#pragma omp parallel for);
7. Determine the number of matches from each thread (reduction(+: matches));
8. Send the results (i.e. matches) to master;

}

Fig. 1. Pseudocode of the hybrid implementation

and 256 KB L2 cache. The nodes were connected using Realtek Gigabit Ethernet controllers.
Additional experiments were executed on a Core 2 Quad CPU with 2.40GHz clock rate and
8 Gb of memory, 4 × 32 KB L1 instruction cache, 4 × 32 KB L1 data cache and 2 × 4 MB
L2 cache. The Ubuntu Linux operating system was used on all systems and during the
experiments only the typical background processes ran. To decrease random variation, the
time results were averages of 100 runs. All algorithms were implemented using the ANSI C
programming language and were compiled using the GCC 4.4.3 compiler with the “-O2” and
“-funroll-loops” optimization flags.

7. Experimental results

This section discusses the performance speedup achieved by the Commentz-Walter,
Wu-Manber and the Salmela-Tarhio-Kytöjoki family of multiple pattern matching algorithms
when executed in parallel using OpenMP, MPI and a hybrid OpenMP/MPI parallel technique.
The total execution time Ttot of a multiple pattern matching algorithm on a cluster of
distributed nodes generally equals to the summation of the average processing time Tp on
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Fig. 2. Speedup of all algorithms for different number of cores and all three scheduling
clauses on a Hyper-Threading CPU

a single node plus the total communication time Tc to send the text pointers from the master
to the workers and receive back the results.

Ttot = Tp + Tc (1)

As opposed to distributed memory parallelization, shared memory parallelization does not
actually involve a distribution of data since all threads have access to a common memory
area and thus the total execution time Ttot equals to the average processing time Tp per core.
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Fig. 3. Speedup of all algorithms for different number of cores and all three scheduling
clauses on a Quad Core CPU

Speedup or parallelization rate Sp refers to the running time increase of a parallel algorithm
over a corresponding sequential when executed on a cluster of p processing elements.

Sp =
Tseq

Tp
(2)

An analytical performance prediction model for string matching algorithms when executed
in parallel on a cluster of distributed nodes can be found in (Michailidis & Margaritis, 2002).
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Fig. 4. Comparison of the speedup of the algorithms for a static and dynamic pointer
distribution

7.1 Shared memory parallelization

Figure 2 presents the speedup achieved with the use of the OpenMP API when parallel
executing the multiple pattern matching algorithms on a single Intel Core I3 processor with
2 and 4 threads as opposed to their execution on a single core. The biological data set used
included the genome of Escherichia coli, the SWISS-PROT Amino Acid sequence database and
the FASTA Amino Acid (FAA) and FASTA Nucleidic Acid (FNA) sequences of the A-thaliana
genome, a pattern set size of 100.000 patterns and a pattern length of m = 8. Since the
Core I3 processor consists of only two physical and two logical cores with the use of the
Hyper-Threading technology, Figure 3 depicts for comparison purposes the speedup of the
algorithms on the same data set when executed on an Intel Core 2 Quad processor, that has
four physical cores, with 2 and 4 threads.
As illustrated in Figures 2 and 3, the parallel speedup achieved by all algorithms on both
processors and for all biological sequence databases using the static clause of OpenMP was
similar when two threads were used. In that case, a parallelization rate close to 2 was achieved.
With the use of 4 threads though, the Core 2 Quad processor had a significant advantage
in terms of performance with a speedup between 3.5 and 4 times the running time of the
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Fig. 5. Speedup of all algorithms with MPI for different number of processors using a static
pointer distribution

sequential algorithms on all biological databases as opposed to a speedup between 2.5 and 3.5
of the Core I3 processor. More specifically, when 4 threads were used on the Core I3 processor,
the speedup achieved by the Commentz-Walter algorithm was close to 3 for the SWISS-PROT
sequence database and between 2.5 and 3 for the E.coli, FAA and FNA databases. Wu-Manber
had a parallelization rate of between 2.5 and 3 on all biological databases. Finally, the speedup
of the HG, SOG and BG algorithms was close to 3 for the E.coli database and between 2.5 and
3 for the SWISS-PROT, FAA and FNA databases. On the Core 2 Quad processor, the speedup
achieved by all algorithms was uniform; their parallelization rate for all biological databases
was close to 2 when executed on two processor cores and between 3.5 and 4 when executed
on all four physical cores of the CPU.
Since the percentage of hits and misses was generally balanced across the data set and
the use of dynamic scheduling usually incurs high overheads and tends to degrade data
locality (Ayguade et al., 2003), it was expected that the static scheduling clause of OpenMP
would be best suited for the experiments of this chapter. A similar conclusion was drawn
in (Kouzinopoulos & Margaritis, 2009) where the static scheduling clause with the default
chunk size had a better performance than the dynamic and guided scheduling clauses for two
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Fig. 6. Speedup of all algorithms with hybrid OpenMP/MPI for different number of
processors with two cores

dimensional pattern matching algorithms. The experimental results confirm this expectation
since a higher parallelization rate was achieved in most cases when the static scheduling
clause was used instead of the dynamic and guided clauses. The performance speedup of the
Commentz-Walter algorithm was roughly similar on all biological databases, independent
of the scheduling clause used. The speedup of the Wu-Manber algorithm was significantly
decreased when a dynamic scheduling clause with 4 threads on the Core I3 processor was
used. Finally, the parallelization rate of the Salmela-Tarhio-Kytöjoki algorithms was slightly
reduced when the dynamic and guided scheduling clauses were used instead of the static
clause.
The performance increase of a parallel task that is executed on a processor with four physical
cores over a processor with two physical cores and Hyper-Threading was expected, it is
interesting though that the parallel execution of a multiple pattern algorithm using 4 threads
on a CPU with two cores and Hyper-Threading exhibits a performance increase of 1.25 to
1.5. This performance boost is achieved by the increase in parallelization that helps hiding
a number of hardware and software issues including memory latency, branch misprediction
and data dependencies on the instruction stream (Marr et al., 2002) that often leave processor
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Fig. 7. Speedup of all algorithms with hybrid OpenMP/MPI for different number of
processors with four cores

resources unused. Similar performance gains were reported in (Tian et al., 2002) with an
average performance speedup of 1.2 to 1.4 on image processing and genetics experiments.

7.2 Distributed memory parallelization

Figure 4 presents a performance comparison in terms of parallel speedup of the
Commentz-Walter, Wu-Manber and the Salmela-Tarhio-Kytöjoki multiple pattern matching
algorithms using the MPI library for a static and dynamic distribution of pointers from the
master to the worker nodes on a homogeneous cluster of 10 nodes. For the static distribution
of pointers, each node received a block consisting of ⌈ n

p ⌉+ m − 1 bytes as already discussed.

For the dynamic distribution, measurements showed that a block size of ⌈ n
1000 ⌉ + m − 1

bytes provided the nodes with enough blocks to equate any load unbalances caused by the
distribution of pattern match locations in the biological databases while at the same time
keeping low the communication cost. Due to the homogeneity of the cluster nodes and the
generally balanced data set used it was expected that the algorithms should have a better
performance in terms of the parallelization rate achieved when the static distribution of
pointers was used over the dynamic as confirmed by the experimental results.
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Fig. 8. Speedup achieved with OpenMP, MPI and a hybrid OpenMP/MPI system

More specifically, the Commentz-Walter algorithm had a better performance on the E.coli
and the FNA sequence databases with the static distribution of pointers while HG and
SOG were consistently faster for all types of biological databases when a static pointer
distribution was used. The parallel implementation of the Wu-Manber algorithm also was
faster when a static distribution of pointers was chosen instead of the dynamic. Interestingly,
the Commentz-Walter algorithm had a better performance on the SWISS-PROT database
when a dynamic distribution of pointers was used. The advantage of the dynamic distribution
of pointers over the static for Commentz-Walter can be explained by the fact that the
sequential implementation of the algorithm is outperformed by the Wu-Manber and the
Salmela-Tarhio-Kytöjoki family of multiple pattern matching algorithms when used on data
sets with a big alphabet size, including the SWISS-PROT and the FAA databases as detailed
in (Kouzinopoulos & Margaritis, 2011). This fact can be also confirmed by the very low
parallelization rate that is achieved by the Commentz-Walter algorithm as presented in
Figures 4 and 5.
Figure 5 depicts the speedup of the multiple pattern matching algorithms as a factor of the
number of worker nodes utilized in the cluster. The static pointer distribution was chosen
as it was concluded that it was best suited to the specific biological databases and the cluster
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topology used. As discussed in (Michailidis & Margaritis, 2003), there is an inverse relation
between the parallel execution time and the number of workstations on a distributed memory
system, since the total communication time is much lower than the processing time on each
node. It is clear from Figure 5 that by distributing a computation task over two worker
nodes resulted in approximately doubling its performance. On each subsequent workstation
introduced, the performance of the algorithms increased but in most cases with a decreasing
rate since the communication cost between the master and the worker nodes also increased.
This parallelization rate generally depended on the algorithm and varied with the type of the
sequence database used.
For the E.coli sequence database, the speedup of all multiple pattern matching algorithms
increased roughly linear in the number of distributed nodes in the cluster. The Wu-Manber
algorithm improved its performance by 9.7 times when parallel executed on a cluster with 10
nodes while the Commentz-Walter, HG, SOG and BG algorithms improved their performance
by 8.4 times. The parallelization rate of the algorithms was similar for the SWISS-PROT and
the FNA sequence databases. For both genomes, the speedup of the algorithms increased
with a linear rate; the maximum speedup achieved for SWISS-PROT and FNA was 9 and
8 respectively for the Salmela-Tarhio-Kytöjoki family of algorithms, 7.6 and 7.4 for the
Wu-Manber algorithm and 6.8 and 5.1 for the Commentz-Walter algorithm. It is interesting
that for the FAA sequence database, the parallelization of all algorithms increased with a
logarithmic rate in the number of worker nodes with the HG, SOG and BG achieving a
maximum speedup of 6.5 times, Wu-Manber a speedup of 6 times and Commentz-Walter
reaching a speedup of 3.4 times. Based on the experimental findings it can be concluded in
general that the hashing multiple pattern matching algorithms have a better parallelization
rate than the trie-based Commentz-Walter algorithm on all biological databases.

7.3 Hybrid parallelization

Figures 6 and 7 illustrate the performance increase of the Commentz-Walter, Wu-Manber
and the Salmela-Tarhio-Kytöjoki family of multiple pattern matching algorithms using the
proposed hybrid OpenMP/MPI technique on a homogeneous cluster of 10 nodes with a Core
I3 processor on each node for 2 and 4 threads. To distribute the data across the worker nodes
of the cluster and subsequently across the cores of each processor, the static distribution
of pointers was chosen for MPI and the static scheduling clause was used for OpenMP as
were the best suited options for the specific algorithms, biological databases and cluster
topology used. As can be seen in both Figures, the parallelization rate achieved by the
algorithms was significant better when using the hybrid OpenMP/MPI technique instead of
either shared memory or distributed memory parallelization. Additionally it can be seen that
the type of sequence database that is used can greatly affect the performance of the parallel
implementation of the algorithms.
When the two physical cores of the Core I3 processor where used and for the E.coli
sequence database, the parallelization rate of the algorithms increased linear in the number
of cluster nodes. The Wu-Manber algorithm was up to 19.2 times faster than its sequential
implementation while the Commentz-Walter, HG, SOG and BG algorithms had on average a
14.5 times better performance. As with the distributed memory parallelization, the speedup
of the multiple pattern matching algorithms was similar for the SWISS-PROT and the FNA
sequence databases; the speedup of the SOG algorithm was 15.3 and 13.5 respectively, of the
HG, BG and Wu-Manber algorithms was 12 on average while the maximum parallelization
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rate of the Commentz-Walter algorithm was 10.7 and 6.4. Finally for the FAA genome, the
Wu-Manber and the Salmela-Tarhio-Kytöjoki family of multiple pattern matching algorithms
had a similar speedup of 8.4 on average while Commentz-Walter had a parallelization rate of
3.7. When all four processing cores were utilized per processor (two physical and two logical)
with the use of the Hyper-Threading technique, the performance of all algorithms increased
by an additional 1.2 to 1.3 times on all biological sequence databases as can be seen on Figure
7.
Figure 8 presents a comparison of the speedup achieved by the Commentz-Walter,
Wu-Manber and the Salmela-Tarhio-Kytöjoki family of multiple pattern matching algorithms
using the three presented parallelization techniques; shared memory with 4 threads per
node, distributed memory with 10 homogeneous cluster nodes and a hybrid technique that
combines the advantages of both shared and distributed memory parallelization. As can be
seen by Figure 8, the proposed hybrid implementation of the algorithms was roughly 5 to 8
times faster than the shared memory implementation using two processor cores and 2 to 3
times faster than the distributed memory parallelization for all sequence databases.

8. Conclusions

This chapter presented implementations and experimental results of the Commentz-Walter,
Wu-Manber and the Salmela-Tarhio-Kytöjoki family of multiple pattern matching algorithms
when executed in parallel. The algorithms were used to locate all the appearances of any
pattern from a finite pattern set on four biological databases; the genome of Escherichia coli
from the Large Canterbury Corpus, the SWISS-PROT Amino Acid sequence database and
the FASTA Amino Acid (FAA) and FASTA Nucleidic Acid (FNA) sequences of the A-thaliana
genome. The pattern set used consisted of 100.000 patterns where each pattern had a length
of m = 8 characters.
To compare the speedup achieved on multicore processors, the parallel algorithms were
implemented using shared memory parallelization on processors with two and four physical
cores using 2 and 4 threads and with either the static, dynamic or guided scheduling clause
for the data distribution between each processor core. For the performance evaluation of
the parallel implementations on a homogeneous cluster of 10 worker nodes, the algorithms
were implemented using distributed memory parallelization with a static or dynamic pointer
distribution. Finally a hybrid OpenMP/MPI technique was proposed that combined the
advantages of both shared and distributed parallelization.
It was discussed that the parallel execution of multiple pattern matching algorithms on
a homogeneous cluster with multicore processors using the specific types of biological
databases is more efficient when the static scheduling clause and a static pointer allocation
are used for the OpenMP and MPI APIs respectively. Moreover it was concluded in general
that the hashing multiple pattern matching algorithms have a better parallelization rate than
the trie-based Commentz-Walter algorithm on all biological databases. Finally, it was shown
that the proposed hybrid implementation of the algorithms was roughly 5 to 8 times faster
than the shared memory implementation using two processor cores and 2 to 3 times faster
than the distributed memory parallelization for all sequence databases.
The work presented in this chapter could be extended with experiments that use additional
parameters like patterns of varying length and larger pattern sets. Since biological databases
and sets of multiple patterns are usually inherently parallel in nature, future research could
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focus on the performance evaluation of the presented algorithms when parallel processed on
modern parallel architectures such as Graphics Processor Units.
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