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Abstract

This work proposes four parallel methods for multipattern matching whrehexecuted on a heterogeneous cluster. These
parallel methods are based on the master - worker paradigm and thigyriem different partitioning schemes such as static and
dynamic load balancing. Furthermore, the parallel methods are adadyperimentally using the Message Passing Interface (MPI)
library on a cluster of heterogeneous workstations. Further, we peop@erformance modeling of the parallel methods that can
be used to predict the parallel performance on a cluster of workstafltresresults by the theoretical performance models have
been validated against experimental results of the four parallel methods
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I. INTRODUCTION

TRING matching is one of the main problems in classical gt@tgorithms, with applications to text searching, compaoiel

biology, pattern recognition, etc. Given a text strifig. ,, of lengthn and a pattern string”, .. ,,, of lengthm where both the
pattern and the text are sequences of characters¥rovith m << n, we want to find all the text positions where the pattern megch
the text.

A natural extension to the basic problem consists of mutiépa searching, that is, searching fopatternsp; ...P, simultaneously
in order to report all their occurrences. This has also séwvapplications such as virus and intrusion detection,lisgglspeech
recognition, optical character recognition, handwritiegognition, text retrieval under synonym or thesaurusaswn, computational
biology, multidimensional approximate matching, batcbgassing of single-pattern searching, etc. Moreover, ssimgle-pattern
search algorithms resort to multipattern searching ofpagpieces. Depending on the applicatiomay vary from a few to thousands
of patterns. The naive approach is to perforreeparate searches, so the goal is to do better. The muétipadtoblem has received
much less attention, not because of lack of interest butusecaf its difficulty. There exist sequential algorithmsttbearch too few
patterns [1], [2], [8], [9]. However, no effective algonithexists to search for many patterns in a reasonable amouithef

PC- or workstation-based computing technique providesnapapationally cost-effective way to single-pattern sbaatgorithms
[5], [6], [12], [7], [4], [3]- In this work, we implement fouparallel computing methods to accelerate the multipaiearching, where
the Message Passing Interface (MPI) library [10] is usededgom the data communication on a PC-based Linux clustees&
parallel methods are based on master - worker paradigm as# thearch patterns using any sequential single-pattern matching
algorithm. This work also presents a performance modelfrthefour parallel computational methods on a cluster oérmjeneous
workstations. We must note that the parallel implementatiof multipattern matching problem on a cluster of workstet are not
available in the literature.

The rest of this paper is organized as follows: Section Iefbyi presents heterogeneous computing model and the metrics
Section IIl presents four parallel implementations andgrerance analysis for multipattern matching problem. BeckV discusses
the experimental and theoretical results of the paralldtipaitern implementations. Finally, Section V containg @onclusions.

Il. HETEROGENEOUSCOMPUTING MODEL
A heterogeneous network (HN) can be abstracted as a codngcph HN(M,C), where

o M={M;, Ma,...,Mp} is set of heterogeneous workstatiopsig the number of workstations). The computation capacitgaifh
workstation is determined by the power of its CPU, 1/0O and mmgnaccess speed.

o C is standard interconnection network for workstationghsas Fast Ethernet or an ATM network, where the communicatio
links between any pair of the workstations have the same viiitial

Based on the above definition, if a cluster consists of a s@esftical workstations, the cluster is homogeneous.

A. Metrics

Metrics help to compare and characterize parallel compsstems. Metrics cited in this section are defined and phaxdisn
previous paper [13]. They can be roughly divided into chimdmation metrics and performance metrics.
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1) Characterization Metrics: To compute the power weight among workstations an intuitiegric is defined as follows:

ming.):l{T(A,Mj)} 1)
T(A, M;)

where A is an application and T(A¢;) is the execution time for computing A on workstatidfy. Formula 1 indicates that the power

weight of a workstation refers to its computing speed redatd the fastest workstation in the network. The value ofpbwer weight

is less than or equal to 1. However, if the cluster of workstet is homogeneous then the values of the power weightsoaia &

1.

To calculate the execution time of a computational segnteetspeed, denoted b, of the fastest workstation executing basic
operations of an application is measured by the followingagign:
o(0)
— 2

- ()
wherec is a computational segmers(c) is a complexity function which gives the number of basic egiens in a computational
segment and. is the execution time of on the fastest workstation in the network.

Using the speed of the fastest workstatioh, we can calculate the speeds of the other workstations isyts&m, denoted by;
(i =1,...,p), using the computing power weight as follows:

Wi(A) =

Sy =

Si=SpxWii=1,..,p, andi # f )

where W; is the computing power weight af7;. So, by equation 3, the execution time of a segmeatross the heterogeneous
network HN, denoted by ,.(c,HN), can be represented as

O(c)

p Sz

i=1

Tepu(c, HN) = 4)

where}"? | S; is the computational capacity used which is obtained by simgrihe individual speeds of the workstations. Here,
Tepu 1S considered the required CPU time for the segment.

2) Performance Metrics. Speedup is used to quantify the performance gain from alphcaimputation of an application A over
its computation on a single machine on a heterogeneous riesystem. The speedup of a heterogeneous computationds gy
min?_ {T(A, M;)} -

T(A,HN)
where T(A,HN) is the total parallel execution time for ajgplion A on HN, and T(A);) is the execution time for A on workstation
Mj, j:].,...p.

SP(A) =

IlIl. PARALLEL IMPLEMENTATIONS OF MULTIPLE STRING MATCHING

We follow the master-worker programming model to develop distributed multiple string matching implementationsdanthe
MPI library [10]. This model consists of a master workstatand a collection of worker workstations. The master weatiksh is used
to partition a given text collection into a set of several Bemasubtext collections, distribute them to all worker wstations and collect
the local results from the worker workstations. The workerkstations are mainly performed a sequential string niadgchlgorithm
on their respective subtext collections. The string maighalgorithm can be easily replaced by other string matclailggrithms
to perform string searching. In this paper, each workergoeré the SO string matching algorithm [2]. Hence, the masteker
implementation is general enough to be used in a wide rangsrioig matching applications. Static and dynamic mastenker
strategies are implemented and presented in next subsctio

A. Satic Master-Worker Implementation

In order to present the static master-worker implememati@ make the following assumptions: First, the workstatitrave
an identifier myid and are numbered from 1gpsecond the documents of our text collection are distrib@eong the various
workstations and stored on their local disks and finally thdtiple patterns is stored in main memory for all workstatio

The partitioning strategy of this approach is to partitibe entire text collection into a number of subtext colleasi@ccording to
the number of workstations allocated. The size of each gtbt#lection containg ] +m — 1 successive characters of the complete
text collection. There is an overlap of — 1 pattern characters between successive subtexts, i.eluadance op(m — 1) characters.
Therefore, the static master-worker implementation thatalled P1, is composed of six phases. In first phase, eadkewmrads
its subtext collection from the local disk in main memory.decond phase, the master broadcasts the first pattern &irggthe
workers. In third phase, each worker executes the prepmcephase of the string matching algorithm [2]. In fourthaph, each
worker performs the searching phase of the string matchiggrithm to generate the number of occurrences. In fifth phése
master collects the number of occurrences from each warkesixth phase, if there are still any patterns of the set dfepas left,
the master broadcasts the next pattern to workers and lagstb the third phase.

The advantage of this simple approach is low communicaticerh®ad. This advantage was achieved, a priori, by the lsearc
computation, assigning each worker to search its own stibtdependently without having to communicate with the otwerkers
or the master. However, the main disadvantage is the pedsiétl imbalance because of the poor partitioning technibuihe other
words, there is a significant idle time for faster or more tigthoaded workstations in a heterogeneous environment.



1) Performance Analysis for Satic Master-Worker Implementation: According to the previous description, the execution tinie o
the static master-worker implementation P1 can be brokemtopfive terms:
e Ty: Itis the I/O time each worker to read its subtext collectigith size [n/p] +m — 1 characters from the local disk in the
main memory. Then, the timé&, is given by:

[n/pl+m—1

— e (6)
AR T

where(S;,,); is the I/O capacity of the heterogeneous network whevorkstation is used.
o Tp: It includes the communication time to broadcast the firstepa string to all worker workstations involved in prociessof

string searching. Therefore, the broadcast transfetsytes to the othep — 1 workstations. The timd}, is given by:
m

Te = mam? _

T, = 7

b Scomm ( )
where Scomm IS communication speed.

o T¢: It is the preprocessing time for processing of the pattérimgs from each worker. For executing the preprocessings@ha

requiresm|X| steps. Then, the timé&. is given by:

m|X|
(Spmp)j

where (Sprep); IS the preprocessing capacity of the heterogeneous netwlogk j workstation is used.
o Ty: Itis the string matching time across the heterogeneowgtarluEach worker performs string matching ofrarpattern string

in a subtext collection with sizén/p] + m — 1 characters that requird$n/p] + m — 1)m steps using the SO string matching
algorithm [2]. Then, the tim&; is given by:

)

T. = max?zl{

(In/pl+m —1)m
(Sseav‘ch)j
where (Ss.qrchn); 1S the text searching capacity of the heterogeneous netwbsen j workstation is used.
o Te: It includes the communication time to gatheresults resulting from the string matching carried on thietesxt collections
by p workstations concurrently. Each worker sends back onesv@tuour case, the number of occurrences). Therefore, e ti
T. is given by:

)

T, = max?zl{

Te= 2 (10)

Scomm

where Scomm IS cOmmunication speed.
The total execution time of our static string matching inmpétation,T;,, usingp workstations forr patterns is given by:

Tp=Ta+r*x(Ty+Te+Ty+Te) (11)

B. Dynamic Master - Worker Implementation

In this subsection, we implement two versions of the dynamaster-worker model. The first version is based on the dymami
allocation of the subtexts and the second one is based onytienic allocation of the text pointers.

1) Dynamic Allocation of Subtexts: The dynamic master - worker strategy that we adopted is a knmavallelization strategy
and is known as "workstation farm”. Before we present theadyit implementation, we make the following assumption: éhére
text collection is stored on the local disk of the master wtation. The dynamic master-worker implementation thaiaiéed P2 is
composed of seven phases. In first phase, the master brtatlvadirst pattern string to all workers. In second phaseh erker
performs the preprocessing phase of the algorithm. In tbiraise, the master reads from the local disk, several chuntke dext
collection. The size of each chunk i + m — 1 successive characters, wheiteis the optimal block size. The block size is an
important parameter which can affect the overall perfortearMore specifically, this parameter is directly relatedtte 1/0 and
communication factors. In fourth phase, the master serelfir$t chunks of the text collection to corresponding wonkerkstations.
In fifth phase, each worker workstation performs the seagciphase of the string matching algorithm between the gqooreging
chunk of the text and the pattern, in order to generate thebeumf occurrences. In sixth phase, each worker sends théearuofh
occurrences back to the master workstation. In seventhepifatere are still any chunks of the text collection lefig tmaster reads
and distributes the next chunks of the text collection tok&os and loops back to the fifth phase. In eight phase, if therestill any
patterns left, the master broadcasts the next patterrgdwinvorkers and loops back to the second phase except of itide fiurth
and seventh phases. We must note that during the fifth phasevemrker stores the subtexts (that are received) in menmmthat
they are used for searching next patterns. This operatioars@uring the broadcast of the first pattern string.

The advantage of this dynamic approach is low load imbalawbéde the disadvantage is higher interworkstation comication
overhead.



2) Performance Analysis for Dynamic Allocation of Subtexts: According to the previous description, the execution tinfiehe
dynamic master-worker implementation P2 can be broken tgsix terms:

o Ty: It includes the communication time for broadcasting of fingt pattern string to all workers involved. The amount dkth
time is similar to theT}, of the previous implementation.

¢ Ty: It includes the preprocessing time for processing of thgepafrom each worker. The amount of this time is similartie t
T, of the previous implementation.

o T¢: It is the total I/O time to read the text collection into sealechunks of sizesb + m — 1 bytes from the local disk of the
master workstation. Theb is the optimal block size. So, the master readsytes totally of the text collection. Then, the time
T, is given by: "

Tc N (Si/o)master (12)
where (S; /,)master is the 1/O capacity of the master workstation.

o Ty Itis the total communication time to send all chunks of tiwet tollection to all workers. The size of each chunktig-m —1
bytes. Then, the total tim&,; is given by: .

Td a Scomm

o Te: It is the average string matching time across the heteemen cluster. Each worker performs string matching ofran
pattern string in a chunk of text with sizé +m — 1 characters that requirésb + m — 1)m steps using the SO string matching

algorithm [2]. Then, the timd% is given by:

(13)

(s5m=1 —P)(sb+m —1)m]
?:1(Ssearch)j
(sb+m—1)m
(Ssearch)j

Te =

Jr

ma.rf:l{ } (14)
wherez‘;:l(sseamh)j is the text searching capacity of the heterogeneous netwban p workstations are used. We include
the second max term in the equation 14 which defines the wase load imbalance at the end of the execution when there
are not enough chunks of the text collection left to keepladl workstations busy. This term corresponds to the sevdrdakep
of the P2 implementation.

o T: It includes the communication time to receing(sb +m — 1) results from all workers. Each worker sends back one value.
Therefore, the timd’; is given by:

Tf _ sb+m—1 (15)

Further, we note that this dynamic implementation in pcacthere is parallel communication and computation and rédason
we take the maximum value between the communication timeTj;ei- Ty and the computation time i.d.. Therefore, the total
execution time of our dynamic string matching implemewtatir,,, usingp workstations forr patterns, is given by:

Tp =Ta+ Ty + Tc + maz{Ty + Ty, Te} + (r — 1) x (Ta + Ty, + Te + Ty) (16)

3) Dynamic Allocation of Pointers. Before we present the dynamic implementation with the texbters, we make the following
assumptions: First, the complete text collection is stanedhe local disks of all workstations and second the mastekstation has
a text pointer that shows the current position in the textectibn. The dynamic allocation of the text pointers thatadled P3 is
composed of seven phases. In first phase, the master brtatlvadirst pattern string to all workers. In second phaseh erker
performs the preprocessing phase of the algorithm. In thiv@se, the master sends the first text pointers to corresgpmnarkers.
In four phase, each worker reads from the local disk- m — 1 characters of the text starting from the pointer that rezeiin
fifth phase, each worker performs the searching phase ofitimg snatching procedure between the corresponding chéitikeotext
and the pattern in order to generate the number of occusettesixth phase, each worker sends the result back to theemas
seventh phase, if the text pointer does not reach the encedégt, then master updates the text pointers for the nextigrosf next
chunks of text and sends the pointers to workers and loopls foafourth phase. In eight phase, if there are still any pastdeft,
the master broadcasts the next pattern string to workerdampd back to the second phase except of the third, fourthsaxenth
phases. We must note that during the fifth phase each wornbesssthe subtexts in memory so that they are used for segraleixt
patterns. This operation occurs during the broadcast ofitbiepattern string.

The advantage of this simple implementation is that it redube interworkstation communication overhead since eackstation
in this scheme has an entire copy of the text collection onldbal disk. However, this scheme requires more local spaceliék)
requirements, but the size of the local disk in parallel aistriduted architectures is large enough.

4) Performance Analysis for Dynamic Allocation of Text Pointers. According to the previous description, the execution tinfie o
the dynamic implementation with the text pointers P3 can to&dn up into six terms:

¢ Ty: It includes the communication time for broadcasting of fagtern string to all workers involved. The amount of thindi

is similar to theT,, of the previous dynamic implementation.

o Ty It includes the preprocessing time for processing of théepa from each worker. The amount of this time is similarte t

T, of the previous implementation.



o Tc: It is same with the time&; of the P2 implementation but this term includes the total mamication time to send all text
pointers instead of chunks of text to all workers. Therefthe timeT7. is given by:

Tc — Sb-‘r:ln—l (17)

Scomm
where Scomm is the communication speed.
e T, It is the average I/O time to read the text collection intwesal chunks of sizeb + m — 1 bytes from the local disks of
the worker workstations. We note that each worker reads tr@rocal disksb + m — 1 characters of the text starting from the
pointer that receives. Then, the tirfig is given by:

(spra— —p)(sb+m—1)
L 1(Sis0);

p_(Sbrm=1

=t (Sv/o)j

where Zg’:l(si/o)j is the 1/0 capacity of the heterogeneous network whemorkstations are used. We include the second
max term in the equation 18 which defines the worse case lohdlamce at the end of the execution when there are not enough
chunks of the text collection left to keep all the workstatidbusy. This term also corresponds to the seventh phase ¢f3h
implementation.

o T.: It includes the average string matching time across therbgéneous cluster. The amount of this time is similar totithe
T. of the P2 implementation.

o T4: Itincludes the communication time to receive the resultthe string matching from all workers. The amount of thisdim
is same with the tim&’; of the P2 implementation.

We take the maximum value between the communication timg’i.e- Ty and the computation time i.& + Te, since in this P3
implementation there is parallel communication and comuort. Therefore, the total execution time of our dynamimgtmatching
implementationT},, usingp workstations, for- patterns is given by:

Td: +

max

} (18)

Tp =To+ Ty + max{Te + Ty, Tqg+Te} + (r — 1) % (Ta + Ty, + Te +Ty) (19)

C. Hybrid Master - Worker Implementation

Here, we develop a hybrid master-worker implementatioh ¢banbines the advantages of the three previous paralldemgnta-
tions in order to reduce the load imbalance and communitati@rhead. This implementation is based on the optimaliligion
strategy of the text collection which is performed staticalo avoid the slowest workstations to determine the pelratring matching
time, the load should be distributed proportional to theacity of each workstation. The goal is to assign the same atrafuime,
which may not correspond to the same amount of text collectio

To achieve a good balanced distribution among heterogesneoukstations, the amount of text distributed to each watlen
should be proportional to its processing capacity as coetptr the entire network:
Si

li =
E?:lsj

(20)

Therefore, the amount of the text collection that is distiélol to each workstation/;, (1 <i < p) is; x (n +m — 1) successive
characters. There is an overlapsef— 1 pattern characters between successive subtexts.
The hybrid implementation that is called P4 is same as tharipleimentation but we use the optimal distribution methadead
of the uniform distribution one.
1) Performance Analysis for Hybrid Master-Worker Implementation: According to the previous implementation, the executiometi
of the hybrid master-worker implementation P4 can be brakeinto five terms:
o T,: Itis the I/O time each worker to read its subtext collectwith sizel; « (n+m — 1) (1 < i < p) successive characters from
the local disk in the main memory. Then, the tiffig is given by:
Lix(n+m—1)
(Si/o)j
where(S;/,); is the 1/O capacity of the heterogeneous network whevorkstation is used.
o Ty: It includes the communication time for broadcasting of plagtern string to all workers involved. The amount of thindi
is similar to theT}, of the P1 implementation.
o T¢: It includes the preprocessing time for processing of thgepafrom each worker. The amount of this time is similartie t
T. of the P1 implementation.
o Ty: It is the string matching time across the heterogeneowsariuEach worker performs string matching ofrarpattern string
in a subtext collection with sizg x (n +m — 1) characters that requirés = (n +m — 1))m steps using the SO string matching
algorithm [2]. Then, the tim&; is given by:

T = maz®_{

; (21)

(lLix(n+m—1))m

Ty = max?
{ (Ssearch)j

=1

} (22)
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Fig. 1. Speedup of parallel multipattern matching with resgecthe number of workstations for text size of 13MB and a setl@® patterns on a
heterogeneous cluster

where (Ss.qrcn); 1S the text searching capacity of the heterogeneous netwbsen j workstation is used.
o Te: It includes the communication time to gather the resultshef string matching by workers concurrently. The amount of
this time is same with the tim&. of the P1 implementation.

The total execution time of our distributed string matchimgplementation,7,,, usingp workstations, for- patterns is given by:

Tp=Ta+7%(Ty+Te+Ty+Te) (23)

IV. EXPERIMENTAL AND ANALYTICAL RESULTS

In this section, we discuss the experimental and theotetsalts of the proposed parallel methods These methodesagiemented
in C programming language using the MPI library [10].

A. Experimental Results

The target platform for our experimental study is a clusteheterogeneous workstations connected with 100 Mb/s Fasriet
network. The heterogeneous cluster consists of 4 PentiunXM@6 MHz with 32 MB RAM and 5 Pentium 100 MHz with 64
MB RAM. A Pentium MMX is used as master workstation. The maldhre of the clusters is ROCKS of NPACI [11] with RedHat
7.1. The MPI implementation used on the network is MPICH ieerdl.2. During all experiments, the cluster of workstasiomas
dedicated. Finally, to get reliable performance resultsxécetions occurred for each experiment and the reportegesadre the
average ones. The text collection we used was composed ofrdotds, which were portion of the various web pages. We also
selected the simple and extended patterns randomly frorsahee text collection.

Figure 1 presents the speedup curves of the parallel impltien with respect to the number of heterogeneous wdiésta We
note that all experiments for two dynamic schemes such an®23, are performed using a block size of nearly 100,000ackens
because this block size is found to be optimal according tersive study [7]. The experimental results show that theufd P2
parallel methods produce low performance whereas the P®4mdethods seem to have the best performance compared tthéns o
ones. The P3 and P4 methods give smaller execution timesighdrtspeedups than in case of using the P1 and P2 ones when we
add workstation in the cluster heterogeneous workstatiogsafter the third workstation.

Further, in our previous paper [7] for performance evabratf parallel single pattern matching implementations &eehobserved
that the performance of a single pattern can be affected hyyruaexpected affects, such as system load, cache/memoegsac
query property, etc. Evaluating parallel multiple patteoan significantly decrease these unexpected affects.

B. Theoretical Results

In this subsection, we validate four proposed performanceleis presented in the previous section with results obdainy
experiments. In order to get these estimated results, we udetermine the values of the power weights and the valfieheo
speedsS; o, Sprep, Sscarch @Nd Scomm Of the fastest workstation. The average computing poweghtsiof the two types of
workstations, Pentium MMX and Pentium, are 1 and 0.567 ismly. These weights, based on formula 1, were measureshwh
the text size does not exceed the memory bound of any machitieeisystem in order to keep the power weights constant. The
average speeds; o, Sprep and S,eqrcn Of the fastest workstation for five pattern lengths £ 5, 10, 20, 30 and 60), executing the
flexible string searching application [2] (i.e., the SOrgjrmatching algorithm) are critical parameters for predgthe CPU demand
times of computational segments on other workstations. spieeeds were measured for different text sizes and averagéatrbula
2 as follows,S7 /o = 31209301,03 chars/secSprep = 5149207, 589 chars/sec aneq.., = 2248344,298 chars/sec. Finally, the
communication speed was measured for different text simdsbtock sizes as followsScomm = 9378629, 434 chars/sec.
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Fig. 2. Experimental and theoretical speedups for four mettii] P2 (top), P3 and P4 (bottom) on a heterogeneous cluster

Figure 2 presents the speedups obtained by the experimathithase by the equations 11, 16, 19 and 23 for the P1, P2, P3 and
P4 parallel methods respectively. We can see that the dstimesults of the parallel implementations confirm well ¢benputational
behavior of the experimental results.

V. CONCLUSIONS

We have presented four parallel methods for multipatternchiiag problem on a cluster of heterogeneous workstatidhg.
methods are based on static and dynamic master - workerigarallloreover, we have presented the performance modekhése
parallel methods.

We have experimentally shown that our parallel methodsoperfwell in handling from one to a very large number of patsern
Further, the P3 and P4 methods achieve better performasaksran terms of execution times and speedups than thesotfieally, we
observed that the proposed performance models of fourlplamathods confirm well the computational behaviour of tkeegimental
measurements.
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