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Abstract

In this paperwe presentew approadesto high perfor-
manceprotein databasescanningon two novel massively
parallel architecturesto gain supecomputerpowerat low
cost. Thefirst architecture is built arounda BeowulfPC-
cluster linked by a high-speednetwork and fine-grained
parallel Systolal024 processotboards connectedo eat
node The secondarchitecture is the Fuzion 150, a new
parallel computerwith a linear SIMD array of 1536 pro-
cessingelementson a single chip. We presentthe design
of a databasescanningapplication basedon the Smith-
Watermanalgorithmin order to derive efficient mappings
onto thesearchitectues. Theimplementationdead to sig-
nificantruntimesavingsfor large-scaledatabasescanning
This result showsthat both architectures provide high-
throughputsequencsimilarity analysissolutionsat a good
price/performanceatio.

1. Introduction

Scanningprotein sequencalatabasess a commonand
often repeatedtask in molecularbiology. The needfor
speedingup this treatmentcomesfrom the exponential
growth of the biosequencéanks: every year their size
scaledby afactor1l.5to 2. The scanoperationconsistsin
finding similaritiesbetweera particularquerysequencand
all the sequencesf a bank. This operationallows biolo-
giststo pointoutsequencesharingcommonsubsequences.
Fromabiological point of view, it leadsto identify similar
functionality.

Comparison algorithms whose compleities are
guadratiowith respecto thelengthof the sequencedetect
similarities betweenthe query sequenceand a subject
sequence.Onefrequentlyusedapproachto speedup this
time consumingoperationis to introduceheuristicsin the
searchalgorithms [2]. The maindrawbackof this solution
is that the more time efficient the heuristics,the worseis
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the quality of theresults [13].

Anotherapproachto get high quality resultsin a short
timeisto useparallelprocessingTherearetwo basicmeth-
odsof mappingthe scanningof proteinsequencelatabases
to a parallel processor:oneis basedon the systolisation
of the sequenceomparisonalgorithm, the otheris based
on the distribution of the computationof pairwisecompar
isons.Systolicarrayshave beenprovenasagoodcandidate
structurefor the first approach[5, 17], while moreexpen-
sive supercomputerandnetworks of workstationsaresuit-
ablearchitecturesor the second[10]. This paperpresents
two solutionsto high performancedatabasescanningon
two new architecturesa hybrid parallelcomputerandthe
Fuzion150.

Hybrid computingdenotegshecombinationof the SIMD
and MIMD paradigmwithin a parallel architecture,i.e.
within the processor®f a computercluster(MIMD) mas-
sively parallel processorboards (SIMD) are installed in
orderto acceleratecomputeintensie regular tasks. The
driving force and motivation behind hybrid computingis
the price/performanceatio. Using PC-clustersasin the
Beowulf approachis currently one of the most efficient
and simple ways to gain supercomputepower for a rea-
sonableprice. Installing in addition massvely parallel
processorcardswithin eachPC can further improve the
cost/performanceatio significantly We designedh parallel
sequenceomparisonalgorithmin orderto fit the charac-
teristics of the hybrid architecturefor a protein sequence
databasescanningapplication. Its implementationis de-
scribedon our hybrid systemconsistingof Systola1024
cardswithin the 16 PCsof a PC-clusterconnectedvia a
Myrinet switch.

Our secondsolutionis basedon the Fuzion 150, a par
allel computerconsistingof a single-chipSIMD array of
1536 processingelementsPES). Its architecturehasbeen
designedo acceleratdarge-scalevisualisationand graph-
ics. We will shav thatthis approachs also beneficialfor
high performanceomputationabiology.

This paperis organisedas follows. In Section2, we



introduce the basic sequencecomparisonalgorithm for
databasescanningand highlight previous work in parallel
sequenceomparison.Section3 providesa descriptionof
our hybrid architecture The parallelalgorithmandits map-
ping ontothis parallelarchitectureareexplainedin Section
4. Section5 introducesthe Fuzion 150 and Section6 dis-
cusseghe correspondin@pplicationmapping.The perfor
manceof bothapproachess evaluatecandcomparedo pre-
viousimplementationin Section7. Section8 concludeghe
paperwith anoutlookto furtherresearchopics.

2. Parallel Sequence Comparison

Surprisingrelationshipshave beendiscoveredbetween
protein sequenceshat have little overall similarity but in
which similar subsequencesan be found. In that sense,
the identification of similar subsequenceis probablythe
most useful and practical methodfor comparingtwo se-
guences.The Smith-Waterman(SW algorithm[18] finds
the mostsimilar subsequencesf two sequencegthe local
alignment)by dynamicprogramming.The algorithmcom-
parestwo sequencedy computinga distancethat repre-
sentgheminimal costof transformingonesegmentinto an-
other Two elementaryperationgreused:substitutiorand
insertion/deletion(also called a gap operation). Through
seriesof suchelementaryoperationsary segmentscanbe
transformednto any othersegment. The smallestnumber
of operationgequiredto changeone segmentinto another
canbetakeninto asthemeasuref thedistancebetweerthe
segments.

Considertwo strings S1 and S2 of length (1 and (2.
To identify commonsubsequencet)e SW algorithmcom-
putesthe similarity H (¢, j) of two sequencesndingat po-
sition¢ andj of thetwo sequences§1 andS2. Thecompu-
tationof H(i,j) for1 < i < 11,1 < j <I[2isgivenby the
following recurrences:

H(i,j) = max{0,E(,J),F(i,J),
H(i—1,j—1)+ Sbt(51;,525)}

E(%J) ma’X{H(iaj_l)_avE(iaj_1)_18}

F(i,j) = max{H(@-1,j)—o,F(i—1,j)— B}

where Sbt is a characteisubstitutioncosttable. Initial-
isation of thesevaluesaregivenby H(3,0) = E(¢,0) =
H(0,7) = F(0,5) =0for0 < <11,0 < j <I[2. Multi-
ple gapcostsaretakeninto accountasfollows: « is thecost
of the first gap; 8 is the costof the following gaps. Each
positionof thematrix H is a similarity value. Thetwo segy-
mentsof S1 andS2 producingthis valuecanbedetermined
by abacktrackingporocedureFig. 1 illustratesanexample.

The dynamic programmingcalculationcan be mapped
efficiently to alineararrayof processinglementsA com-
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Figure 1. Example of the SW algorithm to
compute the local alignment between two
DNA sequences ATCTCGTATGATG and GIC-
TATCAC. The matrix H(i,7) is shown for the
computation with gap costs a =1and g =1,
and a substitution cost of +2 if the charac-
ters are identical and —1 otherwise . From the
highest score (+10 in the example), a trace-
back procedure delivers the corresponding

alignment (shaded cells), the two subse-
quences TCGTATGA and TCTATCA.

mon mappingis to assignone processingelement(PE) to
eachcharacteiof the querystring, andthento shift a sub-
ject sequencesystolically throughthe linear chain of PEs
(seeFig. 2). If [1 is thelengthof thefirst sequencandi2
is thelengthof the secondthe comparisoris performedin
[1+12 —1stepsonll PEs,insteadof /1 x [2 stepsequired
on asequentiaprocessarin eachstepthe computatiorfor
eachdynamicprogrammingcell alonga singlediagonalin
Fig. 1 is performedn parallel.

A number of parallel architectureshave been devel-
opedfor sequencenalysis. In addition to architectures
specifically designedfor sequencenalysis,existing pro-

subject sequence
_—

A C G T
cTeAc — -0

query sequence

Figure 2. Sequence comparison on a lin-
ear processor array: the query sequence is
loaded into the processor array (one charac-
ter per PE) and a subject sequence flows from
left to right through the array. During each
step, one elementar y matrix computation is
performed in each PE.



grammablesequentiabnd parallelarchitecturesiave been
usedfor solvingsequenc@roblems.

Special-purposeystolic arrayscan provide the fastest
meansof runninga particularalgorithmwith very high PE
density However, they arelimited to onesinglealgorithm,
and thus cannotsupply the flexibility necessaryto run a
variety of algorithmsrequiredanalyzingDNA, RNA, and
proteins,e.g. P-NAC, SAMBA, Bioscan [11, 5, 17]. Re-
configurablesystemsarebasednprogrammabléogic such
asfield-programmablgatearrays(FPGASs),e.g. Spalsh-2,
Biocellerator[6, 7], or custom-designedrrayse.g. MGAP
[3]. They aregenerallyslover andhave far lower PE den-
sitiesthanspecial-purposarchitecturesThey areflexible,
but the configurationmustbe changedor eachalgorithm,
whichis generallymorecomplicatedhanwriting new code
for aprogrammablarchitecture.

Ourfirst approachs basedninstructionsystolicarrays
(ISAs). ISAs combinethe speedandsimplicity of systolic
arrayswith flexible programmability [8], i.e. they achiere
a high performancecostratio and canat the sametime be
usedfor a wide rangeof applications.e.g. scientificcom-
puting, imageprocessingmultimediavideo compression,
volume visualisationand cryptography [14, 15, 16]. The
secondapproacthis basedon the SIMD concept.SIMD ar-
chitecturesachieve ahigh performancesostratio andcanat
the sametime usedfor a wide rangeof applications.Cost
andeasef programmindall betweertheothertwo classes.

3. TheHybrid Architecture

We have built a hybrid MIMD-SIMD architecturefrom
generakvailablecomponentgseeFig. 3). TheMIMD part
of the systemis a clusterof 16 PCs(Pentiumll, 450 MHz)
runningLinux. Themachinesareconnectedria a Gigabit-
persecond_AN (usingMyrinet M2F-PCl32asnetwork in-
terfacecardsandMyrinet M2L-SW16asa switch). For ap-
plication developmentwe usethe MPI library MPICH v.
1.1.2.

For the SIMD partwe pluggeda Systolal024PCl board
[9] into eachPC. Systolal024 containsaninstructionsys-
tolic array ISA of size 32 x 32. The ISA [8] is a mesh-
connectedprocessormgrid, where the processorsare con-
trolled by threestream®f controlinformation:instructions,
row selectorsand columnselectorgseeFig. 4). Thein-
structionsareinputin the upperleft cornerof the processor
array and from therethey move stepby stepin horizon-
tal andverticaldirectionthroughthe array This guarantees
thatwithin eachdiagonalof the arraythe sameinstruction
is active during eachclock cycle. In clock cycle k + 1 pro-
cessor(i + 1,7) and(i,j + 1) executethe instructionthat
hasbeenexecutedby processofi, j) in clockcycle k. The
selectorsalsomove systolicallythroughthe array: the row
selectorshorizontally from left to right, column selectors
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Figure 4. Control flow in an ISA.

vertically from top to bottom. Selectorgnaskthe execution
of theinstructionswithin the processors,e. aninstruction
is executedf andonly if bothselectomits, currentlyin that
processarare equalto one. Otherwise,a no-operations
executed.

Every processothas read and write accessto its own
memory Besidesthat, it hasa designateccommunication
register(C-register) thatcanalsobereadby thefour neigh-
bour processorsWithin eachclock phasereadingaccesss
alwaysperformedbeforewriting accessThus,two adjacent
processorsanexchangedatawithin asingleclock cyclein
which both processorsverwrite the contentsof their own
C-registerwith the contentsof the C-register of its neigh-
bour The ISA combinesthe advantagesof fine-grained
SIMD machineswith the capability of efficiently perform-
ing specialcommunicatioroperationsso calledaggregate
functions Theseare associatie and communtatie func-
tionsto which eachprocessoprovidesan argumentvalue.
Examplesfor aggreyatefunctionsare broadcastandring-
shift operationsalongthe rows or columnsof the processor
array Theseare the key operationswithin the algorithm
presentedn the next Section.

In orderto exploit the computationcapabilitiesof the
ISA, acascadedhemoryconcepisimplementedn Systola
1024 (seeFig. 3 right). For the fastdataexchangewith
the ISA thereare rows of intelligent memoryunits at the
northernand westernbordersof the array called interface
processorglPs). EachlP is connectedo its adjacentarray
processofor datatransferin eachdirection.

At aclock frequeng of f = 50 MHz andusinga word
formatofm = 16 bitseach(bitserial)processocanexecute
i = 30.10% = 3.125 - 10% word operationger second.
Thus one boardwith its 1024 processorperformsup to
3.2 GIPS.This addsup to a theoreticalpeakperformance
of 561.2 GIPSfor 16 boardsinsidethecluster
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Figure 3. Architecture of our hybrid system: A cluster of 16 PCs with 16 Systola 1024 PCI boards
(left). The data paths in Systola 1024 are depicted on the right.

4. Mapping of Sequence Comparison onto the
ISA

Themappingof thedatabassecanningapplicationonour
hybrid computerconsistsof two forms of parallelism: a
fine-grainedparallelelisatioron Systolal024anda coarse-
grainedparallelisatioron the PC-clusterWhile the Systola
implementatiomparalleliseghe cell computationin the SW

algorithm, the clusterimplementationsplits the database

into piecesanddistributesthemamongthe PCsusinga suit-
able load balancingstratgyy. We will now describeboth
partsin moredetail.

Systolic parallelisationof the SW algorithmon a linear
arrayis well-known. In orderto extendthis algorithmto
a mesh-architectureye take advantageof 1SAs capabili-
tiesto performrow broadcasandrow ringshift efficiently.
Sincethe length of the sequencesnay vary (several thou-
sandsn somecaseshowever commonlythelengthis only
in hundreds)the computationmustalso be partitionedon
the N x N ISA. For sale of clarity we firstly assumethe
processorrraysize N2 to be equalto the querysequence
lengthM,i.e. M = N2,

Fig. 5 shaws the dataflow in the ISA for aligning the
sequencesd = agay...apy -1 andB = boby ... b 1,
where A is the query sequenceand B is a subjectse-
guenceof the database. As a preprocessingtep, sym-
bol a;,i = 0,...,M — 1, is loadedinto PE (m,n) with
m=(N—-i)divN —-1landn = (N —i)mod N — 1
and B is loadedinto the lower westernIP. After that the
row of thesubstitutiortablecorrespondingo therespectre

western IPs : N x N ISA

Figure 5. Data flow for aligning two sequences
Aand Bon an M = N x N ISA: A is loaded
into the ISA one character per PE and B is
completel y shifted through the array in M +
K —1 steps. Each character b; is input from
the lower western IP and results are written
into the upper western IP.



characteis loadedinto eachPE aswell asthe constantsx
andfB. B is thencompletelyshifted throughthe arrayin
M + K — 1 stepsasdisplayedn Fig. 5.

Theserouting operationscan be accomplishedn con-
stanttime onthe ISA. Thus, it takesM + K — 1 stepsto
computethe alignmentcostof the two sequencesvith the
SW algorithm. However, noticethatafterthelastcharacter
of B entersthe array the first characterf a new subject
sequenceanbe input for the next iterationstep. Thus,all
subjectsequencesf thedatabaseanbepipelinedwith only
onestepdelaybetweertwo differentsequencesiAssuming
k sequencesf lengthK andK = O(M), we computeK
sequencalignmentsin time O(K - M) usingO(M) pro-
cessorsAs the bestsequentiahlgorithmtakesO (K - M?2)
steps,our parallelimplementationachieves maximal effi-
ciengy.

Sofar we have assumead processoarray equalin size
of the querysequencéength (M = N?2). In practice,this
rarelyhappensAssumingaquerysequencéengthof M =
k - N with k£ a multiple of N or N a multiple of &, the
algorithmis modifiedasfollows:

1. k < N: In this casewe canjust replicatethe algorithm
forak x NISAonanN x N ISA, i.e. eachk x
N subarraycomputeghealignmentof the samequery
sequencevith differentsubjectsequences.

2.k > N: A possiblesolutionis to assignf: charactersf
the sequences$o eachPE insteadof one. However,
in this casethe memory size hasto be sufficient to
store % rows of the substitutiontable (20 valuesper
row, sincethereare20 differentaminoacids),i.e. on
Systolal1024it is only possibleto assignmaximally
two charactergper PE. Thus,for % > 2 it is required
to split the sequenceomparisorinto % passesThe
first 2N2 character®f the querysequencareloaded
into the ISA. The entire databas¢hen crosseghe ar
ray; the H-valueand F-value computedin PE (0, 0)
in eachiteration step are output. In the next pass
the following 2V2 charactersof the query sequence
areloaded. The datastoredpreviously is loadedto-
getherwith the correspondingsubjectsequenceand
sentagaininto the ISA. The processs iterateduntil
theendof thequerysequencés reachedNotethat,no
additionalinstructionsarenecessaryor the I/O of the
intermediateesultswith the processoarray because
it is integratedin the dataflav (seeFig. 5).

For distributing of the computationamongthe PCswe
have chosena static split load balancingstrategy: A simi-
lar sizedsubsetf the databasés assignedo eachPCin a
preprocessingtep. The subsetsemainstationaryregard-
lessof the querysequenceThus,the distribution hasonly
to be performedoncefor eachdatabaseand doesnot in-

fluencethe overall computingtime. The input query se-
guenceis broadcasto eachPC and multiple independent
subsescansareperformedon eachSystolal024board.Fi-
nally, the highestscoresare accumulatedn one PC. This
stratgy providesthe bestperformancdor ourhomogenous
architecturewhereeachprocessinginit hasthe samepro-
cessingpower. However, a dynamicsplit load balancing
stratgy asusedin [10] is moresuitablefor heterogeneous
ervironments.

5. The Fuzion 150 SIMD architecture

Early SIMD architecturesufferedto someextend due
to the smallamountsof areafor eachPE,e.g. [3, 4]. The
increasdn integrationon ICs now allows a large SIMD ar-
ray, with local PE memoryandcontrollerson a singledie.
The Fuzion 150 systemarchitectureshovn in Fig. 6 pro-
videsageneral-purposprocessingolutionfor mary appli-
cation areasincluding network processingand large-scale
visualisationandgraphics[1, 12]. It combinescontroland
dataprocessingn the samesilicon, whilst taking account
of the very different processingequirementsf the con-
trol and dataplanes. The control planeand houseleeping
operationsare performedon the embeddegbrocessinginit
(EPU),whichis a 32-bit ARC core. Dataplaneoperations
utilize the PEsin the Fuzioncore.

The processorarray is madeup of six blocks of PEs.
Every block consistsof a linear array of 256 8-bit PEs.
The PEsat the bordersof eachblock are also connected
with the bordersof the next blocks. This providesa lin-
eararray of 1536 PEs. The PE itself is basedaroundan
8-bit ALU, connectedo a 32 Bytesregisterfile. This reg-
isterfile is multi-portedto give neighborcommunications,
and concurrentaccesgo the PE’s own on-chip 2 KBytes
DRAM. ThePEalsohasdirectaccesso alinearexpression
evaluator(LEE) that canperforman operationof the form
Az+ By+C onapercyclebasis.Datal/O for theprocessor
arrayoperate®naperblockbasis.A highperformancé/O
engineallows datatransferat up to 700 MBytes/sperblock
via the Fuzionbus. At a clock frequeng of f = 200 MHz
andusinga word formatof m = 8 bits eachPE canexe-
cute% = 200 - 10° word operationgersecond.Thus,the
Fuzion150parallelcomputemperformsup to 300 GOPS.

6. Mapping of Sequence Comparison on the
Fuzion 150

Comparedo Systolal024no fastringshift operationis
availableontheFuzion150.Hence we areusingadifferent
mappingschemefor SW cell computation. The commu-
nication patternin eachiterationstepnow consistsof two
steps:aread-leftoperationn even-numbere®Eblocksand
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Figure 6. System block diagram of the Fuzion 150 architecture and the architecture of an individual

PE.

aread-rightoperationn odd-numberedE blocks(seeFig.

7).

For thedetaileddescriptionwefirstly assumehe proces-

sorarraysizeto be equalto the querysequencéength M,
i.,e. M = 1536. Fig. 7 shaws the dataflow for aligning
thesequenced = apay ...ap—1 andB = bgb; ... bk _1,
where A is the query sequenceand B is a subjectse-
guenceof the database.As a preprocessingtep, symbol
ai,t =0,...,M —1,isloadedinto PE (m,n) (notationfor
PEm of blockn, i.e. m € {0,...,255}, n € {0,...5})
with n = ¢ div 2566 andm = 7 mod 256 for evenn and
m = 255 — ¢ mod 256 for oddn. B isloadedinto thelocal
memory After thatthe row of the substitutiontable cor

£ N PN
Local a153565) """""" T 21280555 5)
memory r 9 '
Q S £ |
%11 (0,1) a256)(255,1)
= = -

respondingo the respectie charactelis loadedinto each
PE aswell asthe constantsy and3. B is thencompletely

shiftedthroughthearrayin M + K — 1 steps(Fig. 7). In
iterationstepk,1 < k < M + K — 1, thevaluesH (1, j),
E(i,j),andF(i,j) foralli,jwith1 <i < M,1<j< K
andk = ¢+ j — 1 are computedin parallelin the PEs
(m,n) with n = 4 div 256 andm = i mod 256 for even

n andm = 255 — ¢ mod 256 for oddn. For this calcula-
tion PE (m, n) recevesthevaluesH (i — 1, 5), F(i — 1, j),
andb; from its neighbor while thevaluesH (i — 1, j — 1),
H(i,j—1),E(i,j— 1), a;, o, §,andSbt(a;, b;) arestored

in thelocal DRAM.

Figure 7. Data flow for aligning two sequences
A and B on the Fuzion 150: A is loaded into
the processor array one character per PE and
B is completel y shifted through the array in
M + K — 1 steps.



Sofar we have assumed processorrray equalin size
of the query sequencdength (M = 1536). In practice,
thisrarelyhappensAssuminga querysequencéengthless
or largerthe arraysize,our implementatioris modifiedas
follows:

1. k x M = 1536: Inthiscasewe canjustreplicatetheim-
plementatiorfor M PEson eachsubarrayof size N,
i.e. k alignmentsf the samequerysequencavith dif-
ferentsubjectsequencearecomputedn parallel.

2.k x 1536 = M: A possiblesolutionis to split the se-
guencecomparisoninto k passes.However, this so-
lution requiresl/O of intermediateesultsin eachiter-
ationstep.This additionaldatatransfercanbeavoided
by assigningﬂ% charactersf thesequencew eachPE
insteadof one. On the Fuzion150it is possibleto as-
signupto 16 characterperPE. Thus,querylengthsof
up 24576 charactersanbe processedvithin a single
passwhichis sufficientfor molecularapplications.

7. Performance Evaluation

A performancemeasurecommonly usedin computa-
tional biology is millions of dynamiccell updateger sec-
ond (MCUPS. A CUPSrepresentghe time for a com-
plete computationof one entry of the matrix H, including
all comparisonsadditionsand maximacomputations.To
measurehe MCUPS performanceon Systolal024andon
Fuzion 150, we have giventhe instructioncountto update
two H-cellsperPEon Systolal024and16 H-cellsperPE
onFuzion150in Tablel.

Becausenen H-valuesare computedfor two charac-
terswithin 68 instructionsin eachPE, the whole 32 x 32
processoarray canperform2048 cell updatesn the same
time. This leadsto a performanceof 222 x f CUPS
= 2048 x 39 % 105 CUPS= 94 MCUPS.The correspond-
ing calculationfor the Fuzion 150 (16 x 1536 = 24576
cellsareupdatedwithin 1934 instructions)deliversaresult
of 28578 x f CUPS= 2278 x 200 x 10° CUPS= 2541
MCUPS.BecauseMCUPS doesnot considerdatatransfer
time andquerylength,it is oftenaweakmeasurghatdoes
notreflectthebehaiour of thecompletesystem.Therefore,
we will useexecutiontimesof databasescandor different
guerylengthsin our evaluation.

Theinvolveddatatransferin eachiterationstepis: input
of anew characteb; into thelowerwesterriP of eachk x N
subarrayfor querylengths< 2048 (casel. in Section4)
andinputof anew b; anda previously computedcell of H
and F' andoutputof an H-cell and F'-cell from the upper
westernlP for querylengths> 2048 (case2. in Section4).
Duringthecomputatiorof 16 new H-cellsin eachPEof the
Fuzion150, onenew characteiis input via the Fuzionbus
into eachsubarraythat performsa sequencecomparison.

Thus,therequireddatatransfertimeis totally dominatecdoy
above computingtimesperiterationstepof 68 instructions
and1934 instructionsyespectiely.

Table 2 reportstimesfor scanninghe TrEMBL protein
databank(releasel4, which contains351'834 sequences
and100'069'442 aminoacids)for querysequencesf vari-
ouslengthswith the SW algorithm.

The Fuzion150is 25 — 28 timesfasterthana Systola
board. It reacheghe higher performancebecausét has
beenbuilt with 0.25u CMOS technology in comparison
to 1.0u for Systola1024. Extrapolatingto this technol-
ogy bothapproacheshouldperformequally However, the
differencebetweerboth architecturess that Fuzion150is
purely a linear array while Systolais a mesh. This makes
the Systolal024a moreflexible design suitablefor awider
rangeof applicationsseee.g. [14, 15, 16].

For the comparisonof different parallel machineswe
havetakendatafrom Dahle,Grate RiceandHughey [4] for
a databasesearchof the SW algorithmfor differentquery
lengths. The Fuzion 150 s threeto four timesfasterthan
the muchlarger 16K-PEMasRar. The 1-boardKestrel [4]
is six times slower than a Fuzion 150 chip. Kestrels de-
sign is also a programmabldine-grainedSIMD array It
reacheghe lower performancepecauseét hasbeenbuilt
with older CMOS technology(0.5x). SAMBA [5] is a
special-purpossystolicarrayfor sequenceomparisonm-
plementedon two add-onboards,which are aroundfive
timesslower thanthe Fuzion.

8. Conclusions and Future Work

In this papemwe have demonstratethatfine-grainedar
allel architecturesare suitable solutionsfor high perfor
mancescanningof biosequencelatabasesWe have pre-
sentedefficient mappingsof the SW algorithmon an ISA
and a SIMD array that lead to high-speedimplementa-
tions on Systolal024 and Fuzion 150. By combiningthe
fine-grainedparallelismwith a coarse-grainedistribution
within a Beowulf PC-clusteran even higher performance
canbeachievedata goodprice/performanceatio.

The exponentially growth of genomic databasesle-
mandseven more powerful parallel solutionsin the fu-
ture. Becauseomparisorandalignmenialgorithmsthatare
favouredby biologistsarenotfixed, programmablgarallel
solutionsarerequiredto speedup thesetasks.As analter
native to special-purpossystemshard-to-progranrtecon-
figurable systems,and expensve supercomputersye ad-
vocatethe useof specialisedyet programmableéhardware
whosedevelopments tunedto systemspeed.

Our futurework in hybrid computingwill includeiden-
tifying more applicationsthat profit from this type of pro-
cessingpower consistingof a combinationof fine-grained
and coarse-grainegbarallelism, like scientific computing



Table 1. Instruction Count (IC) to update 2 (16) H-cells in one PE of Systola 1024 (Fuzion 150) with

the corresponding operations.

Operationin eachPE periterationstep

GetH (i —1,j), F(i —1,7),b;, maz;—1 from neighbour
Computet = max{0, H(i — 1,j — 1) + Sbt(a;, b;)}
ComputeF'(i,j) = max{H( — 1,j) —a, F(: — 1,5) — B}
ComputeE(s,j) = max{H(i,j — 1) — o, E(3,7 — 1) — B}
ComputeH (i, j) = max{t, F(i, ), E(i, j)}
Computemaz; = max{H (i, j), maz;_1}

Sum

IC Systola IC Fuzion
20 22

20 576

8 336

8 448

8 368

4 184

68 1934

Table 2. Scan times (in seconds) of TrEMBL 14 for various query sequence lengths on Systola 1024,
the PC cluster with 16 Systola 1024, the Fuzion 150, and a Pentium 11l 1 GHz. The speed up compared

to the Pentium Il is also repor ted.

Querysequencéength 256 512 1024 2048 4096
Systolal024(speedup) 294(4) 577(4) 1137(4) 2241(4) 4611(4)
Clusterof Systolagspeedup) 20(53) 38(56) 73(58) 142(60) 290(59)
Fuzion150(speedup) 12(88) 22(97) 42(102) 82(105) 162(106)
Pentiumlll 1 GHz 1053 2132 4252 8581 17164

andmultimediavideo processing.Theresultsof this study
will influenceour designdecisionto build anext-generation
Systolaboardconsistingof onelarge 128 x 128 ISA or of a
clusterof 16 32 x 32 ISAs.
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