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Institut für DatentechnikundKommunikationsnetze
Hans-Sommer-Str. 66,38106Braunschweig,Germany

schimmler@ida.ing.tu-bs.de

Abstract

In this paperwepresentnew approachesto high perfor-
manceprotein databasescanningon two novel massively
parallel architecturesto gain supercomputerpowerat low
cost. Thefirst architecture is built arounda BeowulfPC-
cluster linked by a high-speednetwork and fine-grained
parallel Systola1024processorboards connectedto each
node. The secondarchitecture is the Fuzion 150, a new
parallel computerwith a linear SIMD array of 1536pro-
cessingelementson a singlechip. We presentthe design
of a databasescanningapplication basedon the Smith-
Watermanalgorithm in order to deriveefficient mappings
onto thesearchitectures. Theimplementationslead to sig-
nificantruntimesavingsfor large-scaledatabasescanning.
This result shows that both architectures provide high-
throughputsequencesimilarity analysissolutionsat a good
price/performanceratio.

1. Introduction

Scanningproteinsequencedatabasesis a commonand
often repeatedtask in molecularbiology. The needfor
speedingup this treatmentcomes from the exponential
growth of the biosequencebanks: every year their size
scaledby a factor1.5 to 2. The scanoperationconsistsin
findingsimilaritiesbetweenaparticularquerysequenceand
all the sequencesof a bank. This operationallows biolo-
giststo pointoutsequencessharingcommonsubsequences.
Froma biologicalpoint of view, it leadsto identify similar
functionality.

Comparison algorithms whose complexities are
quadraticwith respectto thelengthof thesequencesdetect
similarities betweenthe query sequenceand a subject
sequence.Onefrequentlyusedapproachto speedup this
time consumingoperationis to introduceheuristicsin the
searchalgorithms [2]. Themaindrawbackof this solution
is that the more time efficient the heuristics,the worseis

thequalityof theresults [13].
Anotherapproachto get high quality resultsin a short

timeis to useparallelprocessing.Therearetwo basicmeth-
odsof mappingthescanningof proteinsequencedatabases
to a parallel processor:one is basedon the systolisation
of the sequencecomparisonalgorithm, the other is based
on thedistribution of thecomputationof pairwisecompar-
isons.Systolicarrayshavebeenprovenasagoodcandidate
structurefor thefirst approach[5, 17], while moreexpen-
sivesupercomputersandnetworksof workstationsaresuit-
ablearchitecturesfor thesecond[10]. This paperpresents
two solutionsto high performancedatabasescanningon
two new architectures:a hybrid parallelcomputerandthe
Fuzion150.

Hybrid computingdenotesthecombinationof theSIMD
and MIMD paradigmwithin a parallel architecture,i.e.
within the processorsof a computercluster(MIMD) mas-
sively parallel processorboards(SIMD) are installed in
order to acceleratecomputeintensive regular tasks. The
driving force and motivation behindhybrid computingis
the price/performanceratio. Using PC-clustersas in the
Beowulf approachis currently one of the most efficient
and simple ways to gain supercomputerpower for a rea-
sonableprice. Installing in addition massively parallel
processorcardswithin eachPC can further improve the
cost/performanceratiosignificantly. We designedaparallel
sequencecomparisonalgorithmin order to fit the charac-
teristicsof 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 Fuzion150,a par-
allel computerconsistingof a single-chipSIMD array of
1536processingelements(PEs). Its architecturehasbeen
designedto acceleratelarge-scalevisualisationandgraph-
ics. We will show that this approachis alsobeneficialfor
highperformancecomputationalbiology.

This paperis organisedas follows. In Section2, we



introduce the basic sequencecomparisonalgorithm for
databasescanningandhighlight previous work in parallel
sequencecomparison.Section3 providesa descriptionof
ourhybridarchitecture.Theparallelalgorithmandits map-
ping ontothis parallelarchitectureareexplainedin Section
4. Section5 introducesthe Fuzion150 andSection6 dis-
cussesthecorrespondingapplicationmapping.Theperfor-
manceof bothapproachesis evaluatedandcomparedto pre-
viousimplementationsin Section7. Section8concludesthe
paperwith anoutlookto furtherresearchtopics.

2. Parallel Sequence Comparison

Surprisingrelationshipshave beendiscoveredbetween
protein sequencesthat have little overall similarity but in
which similar subsequencescan be found. In that sense,
the identificationof similar subsequencesis probablythe
most useful and practicalmethodfor comparingtwo se-
quences.The Smith-Waterman(SW) algorithm[18] finds
themostsimilar subsequencesof two sequences(the local
alignment)by dynamicprogramming.Thealgorithmcom-
parestwo sequencesby computinga distancethat repre-
sentstheminimalcostof transformingonesegmentinto an-
other. Two elementaryoperationsareused:substitutionand
insertion/deletion(also called a gap operation). Through
seriesof suchelementaryoperations,any segmentscanbe
transformedinto any othersegment. The smallestnumber
of operationsrequiredto changeonesegmentinto another
canbetakeninto asthemeasureof thedistancebetweenthe
segments.

Considertwo strings
���

and
���

of length � � and � � .
To identify commonsubsequences,theSWalgorithmcom-
putesthesimilarity ���
	���
�� of two sequencesendingat po-
sition 	 and
 of thetwo sequences
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is a charactersubstitutioncosttable. Initial-

isationof thesevaluesaregiven by �5��	���!����A$��
	���!B���
���
!#�%
��C�D'(�E! �%
����D! for ! � 	 � � � �&! � 
 � � � . Multi-
plegapcostsaretakeninto accountasfollows: 7 is thecost
of the first gap; ; is the costof the following gaps. Each
positionof thematrix � is a similarity value.Thetwo seg-
mentsof

���
and

���
producingthisvaluecanbedetermined

by a backtrackingprocedure.Fig. 1 illustratesanexample.
The dynamicprogrammingcalculationcan be mapped

efficiently to a lineararrayof processingelements.A com-
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Figure 1. Example of the SW algorithm to
compute the local alignment between two
DNA sequences ATCTCGTATGATG and GTC-
TATCAC. The matrix ���
	��%
�� is sho wn for the
computation with gap costs 7�� �

and ;5� �
,

and a substitution cost of + � if the charac-
ters are identical and ) � otherwise . From the
highest score ( + � ! in the example), a trace-
back procedure deliver s the corresponding
alignment (shaded cells), the two subse-
quences TCGTATGA and TCTATCA.

mon mappingis to assignoneprocessingelement(PE) to
eachcharacterof the querystring,andthento shift a sub-
ject sequencesystolically throughthe linear chainof PEs
(seeFig. 2). If � � is the lengthof thefirst sequenceand � �
is thelengthof thesecond,thecomparisonis performedin
� � +?� � ) �

stepson � � PEs,insteadof � ��F � � stepsrequired
on a sequentialprocessor. In eachstepthecomputationfor
eachdynamicprogrammingcell alonga singlediagonalin
Fig. 1 is performedin parallel.

A number of parallel architectureshave been devel-
oped for sequenceanalysis. In addition to architectures
specificallydesignedfor sequenceanalysis,existing pro-

CA G T

G T G A C

query sequencesubject sequence

Figure 2. Sequence comparison on a lin-
ear processor array: the quer y sequence is
loaded into the processor array (one charac-
ter per PE) and a subject sequence flo ws from
left to right thr ough the array. During each
step, one elementar y matrix computation is
perf ormed in each PE.



grammablesequentialandparallelarchitectureshave been
usedfor solvingsequenceproblems.

Special-purposesystolic 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-
configurablesystemsarebasedonprogrammablelogicsuch
asfield-programmablegatearrays(FPGAs),e.g. Spalsh-2,
Biocellerator[6, 7], or custom-designedarrays,e.g.MGAP
[3]. They aregenerallyslower andhave far lower PEden-
sitiesthanspecial-purposearchitectures.They areflexible,
but the configurationmustbe changedfor eachalgorithm,
whichis generallymorecomplicatedthanwriting new code
for a programmablearchitecture.

Our first approachis basedon instructionsystolicarrays
(ISAs). ISAs combinethespeedandsimplicity of systolic
arrayswith flexible programmability [8], i.e. they achieve
a high performancecostratio andcanat the sametime be
usedfor a wide rangeof applications,e.g. scientificcom-
puting, imageprocessing,multimediavideo compression,
volumevisualisationandcryptography [14, 15, 16]. The
secondapproachis basedon theSIMD concept.SIMD ar-
chitecturesachieveahighperformancecostratioandcanat
the sametime usedfor a wide rangeof applications.Cost
andeaseof programmingfall betweentheothertwo classes.

3. The Hybrid Architecture

We have built a hybrid MIMD-SIMD architecturefrom
generalavailablecomponents(seeFig. 3). TheMIMD part
of thesystemis a clusterof 16 PCs(PentiumII, 450MHz)
runningLinux. Themachinesareconnectedvia a Gigabit-
per-secondLAN (usingMyrinet M2F-PCI32asnetwork in-
terfacecardsandMyrinet M2L-SW16asaswitch).For ap-
plication developmentwe usethe MPI library MPICH v.
1.1.2.

For theSIMD partwepluggedaSystola1024PCIboard
[9] into eachPC.Systola1024containsan instructionsys-
tolic array ISA of size G �HF G � . The ISA [8] is a mesh-
connectedprocessorgrid, where the processorsare con-
trolledby threestreamsof controlinformation:instructions,
row selectors,andcolumnselectors(seeFig. 4). The in-
structionsareinput in theupperleft cornerof theprocessor
array, and from therethey move stepby stepin horizon-
tal andverticaldirectionthroughthearray. Thisguarantees
thatwithin eachdiagonalof thearraythe sameinstruction
is activeduringeachclock cycle. In clock cycle I�+ �

pro-
cessor��	>+ � �%
�� and �
	��%
�+ � � executethe instructionthat
hasbeenexecutedby processor��	��%
�� in clock cycle I . The
selectorsalsomove systolicallythroughthearray: therow
selectorshorizontally from left to right, column selectors

ISA

row
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column
selectors

instructions

+
*
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Figure 4. Contr ol flo w in an ISA.

vertically from top to bottom.Selectorsmasktheexecution
of theinstructionswithin theprocessors,i.e. aninstruction
is executedif andonly if bothselectorbits,currentlyin that
processor, areequalto one. Otherwise,a no-operationis
executed.

Every processorhas read and write accessto its own
memory. Besidesthat, it hasa designatedcommunication
register(C-register) thatcanalsobereadby thefour neigh-
bourprocessors.Within eachclock phasereadingaccessis
alwaysperformedbeforewriting access.Thus,two adjacent
processorscanexchangedatawithin a singleclockcycle in
which both processorsoverwrite the contentsof their own
C-registerwith the contentsof the C-registerof its neigh-
bour. The ISA combinesthe advantagesof fine-grained
SIMD machineswith the capabilityof efficiently perform-
ing specialcommunicationoperations,socalledaggregate
functions. Theseare associative and communtative func-
tions to which eachprocessorprovidesanargumentvalue.
Examplesfor aggregatefunctionsare broadcastand ring-
shift operationsalongtherowsor columnsof theprocessor
array. Theseare the key operationswithin the algorithm
presentedin thenext Section.

In order to exploit the computationcapabilitiesof the
ISA, acascadedmemoryconceptis implementedonSystola
1024 (seeFig. 3 right). For the fast dataexchangewith
the ISA thereare rows of intelligent memoryunits at the
northernandwesternbordersof the arraycalled interface
processors(IPs). EachIP is connectedto its adjacentarray
processorfor datatransferin eachdirection.

At a clock frequency of JK�ML�! MHz andusinga word
formatof NO� �3P

bitseach(bitserial)processorcanexecuteQR �TSVUWYX[Z � ! X �\G ] �3� L Z � ! X word operationsper second.
Thus, one boardwith its

� ! �"^ processorsperformsup to
G ] � GIPS.This addsup to a theoreticalpeakperformance
of L � ] � GIPSfor

�1P
boardsinsidethecluster.
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Figure 3. Architecture of our hybrid system: A cluster of
�1P

PCs with
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Systola 1024 PCI boar ds
(left). The data paths in Systola 1024 are depicted on the right.

4. Mapping of Sequence Comparison onto the
ISA

Themappingof thedatabasescanningapplicationonour
hybrid computerconsistsof two forms of parallelism: a
fine-grainedparallelelisationon Systola1024anda coarse-
grainedparallelisationon thePC-cluster. While theSystola
implementationparallelisesthecell computationin theSW
algorithm, the cluster implementationsplits the database
into piecesanddistributesthemamongthePCsusingasuit-
able load balancingstrategy. We will now describeboth
partsin moredetail.

Systolicparallelisationof the SW algorithmon a linear
array is well-known. In order to extend this algorithm to
a mesh-architecture,we take advantageof ISAs capabili-
ties to performrow broadcastandrow ringshift efficiently.
Sincethe lengthof the sequencesmay vary (several thou-
sandsin somecases,howevercommonlythelengthis only
in hundreds),the computationmustalsobe partitionedon
the _ F _ ISA. For sake of clarity we firstly assumethe
processorarraysize _?` to be equalto the querysequence
length a , i.e. ab�c_<` .

Fig. 5 shows the dataflow in the ISA for aligning the
sequencesde�gf U f W ]h]1]�f#i�j W and k�� -

U
- W ]h]1] -@l j W ,

where d is the query sequenceand k is a subject se-
quenceof the database. As a preprocessingstep, sym-
bol f 0 ��	m�n!#�h]h]1]@��ao) �

, is loadedinto PE ��Np��q*� with
Nr�s�
_t)u	Y� div _t) �

and qv�T�
_t)u	Y�6�(w xy_t) �
and k is loadedinto the lower westernIP. After that the
row of thesubstitutiontablecorrespondingto therespective

b      ........b  b  bK−1 2 1 0 N−1a a1 a0

a2N−1 N+1a aN

M−NaaM−N+1aM−1

(N−1,N−1)

(0,0)

(N−1,0)

(0,N−1)

western IPs N x N ISA

Figure 5. Data flo w for aligning two sequences
d and k on an az�M_ F _ ISA: d is loaded
into the ISA one character per PE and k is
completel y shifted thr ough the array in a{+| ) �

steps. Each character
-�2

is input from
the lower western IP and results are written
into the upper western IP.



characteris loadedinto eachPEaswell astheconstants7
and ; . k is thencompletelyshifted throughthe array in
a}+ | ) �

stepsasdisplayedin Fig. 5.
Theserouting operationscan be accomplishedin con-

stanttime on the ISA. Thus,it takes ab+ | ) �
stepsto

computethe alignmentcostof the two sequenceswith the
SW algorithm.However, noticethatafterthelastcharacter
of k entersthe array, the first characterof a new subject
sequencecanbe input for thenext iterationstep. Thus,all
subjectsequencesof thedatabasecanbepipelinedwith only
onestepdelaybetweentwo differentsequences.Assuming
I sequencesof length

|
and

| ��~[�
a�� , we compute
|

sequencealignmentsin time ~[� | Z a�� using ~[�Ea�� pro-
cessors.As thebestsequentialalgorithmtakes ~[� | Z a�`3�
steps,our parallel implementationachievesmaximal effi-
ciency.

So far we have assumeda processorarrayequalin size
of the querysequencelength �
az�M_<`3� . In practice,this
rarelyhappens.Assumingaquerysequencelengthof ab�
I Z _ with I a multiple of _ or _ a multiple of I , the
algorithmis modifiedasfollows:

1. I � _ : In this casewe canjust replicatethe algorithm
for a I F _ ISA on an _ F _ ISA, i.e. each I F
_ subarraycomputesthealignmentof thesamequery
sequencewith differentsubjectsequences.

2. Im��_ : A possiblesolutionis to assign �� charactersof
the sequencesto eachPE insteadof one. However,
in this casethe memorysize has to be sufficient to
store �� rows of the substitutiontable (

� ! valuesper
row, sincethereare

� ! differentaminoacids),i.e. on
Systola1024 it is only possibleto assignmaximally
two charactersperPE.Thus,for �� � �

it is required
to split thesequencecomparisoninto �` � passes:The
first

� _<` charactersof thequerysequenceareloaded
into the ISA. The entiredatabasethencrossesthe ar-
ray; the � -valueand ' -valuecomputedin PE �E! �&!B�
in each iteration step are output. In the next pass
the following

� _?` charactersof the query sequence
are loaded. The datastoredpreviously is loadedto-
getherwith the correspondingsubjectsequencesand
sentagaininto the ISA. The processis iterateduntil
theendof thequerysequenceis reached.Notethat,no
additionalinstructionsarenecessaryfor theI/O of the
intermediateresultswith the processorarray, because
it is integratedin thedataflow (seeFig. 5).

For distributing of the computationamongthe PCswe
have chosena staticsplit load balancingstrategy: A simi-
lar sizedsubsetof thedatabaseis assignedto eachPCin a
preprocessingstep. The subsetsremainstationaryregard-
lessof thequerysequence.Thus,thedistribution hasonly
to be performedoncefor eachdatabaseand doesnot in-

fluencethe overall computingtime. The input query se-
quenceis broadcastto eachPC andmultiple independent
subsetscansareperformedoneachSystola1024board.Fi-
nally, the highestscoresareaccumulatedin onePC. This
strategy providesthebestperformancefor ourhomogenous
architecture,whereeachprocessingunit hasthesamepro-
cessingpower. However, a dynamicsplit load balancing
strategy asusedin [10] is moresuitablefor heterogeneous
environments.

5. The Fuzion 150 SIMD architecture

Early SIMD architecturessuffered to someextenddue
to thesmallamountsof areafor eachPE,e.g. [3, 4]. The
increasein integrationon ICs now allows a largeSIMD ar-
ray, with local PEmemoryandcontrollerson a singledie.
The Fuzion150 systemarchitectureshown in Fig. 6 pro-
videsageneral-purposeprocessingsolutionfor many appli-
cationareasincluding network processingand large-scale
visualisationandgraphics [1, 12]. It combinescontroland
dataprocessingon the samesilicon, whilst takingaccount
of the very different processingrequirementsof the con-
trol anddataplanes. The control planeandhousekeeping
operationsareperformedon theembeddedprocessingunit
(EPU),which is a 32-bit ARC core. Dataplaneoperations
utilize thePEsin theFuzioncore.

The processorarray is madeup of six blocks of PEs.
Every block consistsof a linear array of

� L P 8-bit PEs.
The PEsat the bordersof eachblock are also connected
with the bordersof the next blocks. This providesa lin-
ear array of

� L�G P PEs. The PE itself is basedaroundan
8-bit ALU, connectedto a G � Bytesregisterfile. This reg-
ister file is multi-portedto give neighborcommunications,
and concurrentaccessto the PE’s own on-chip

�
KBytes

DRAM. ThePEalsohasdirectaccessto alinearexpression
evaluator(LEE) that canperforman operationof the form
d��*+:k���+:� onapercyclebasis.DataI/O for theprocessor
arrayoperatesonaperblockbasis.A highperformanceI/O
engineallowsdatatransferatup to 700MBytes/sperblock
via theFuzionbus. At a clock frequency of J8� � !B! MHz
andusinga word format of N}��� bits eachPE canexe-
cute

QR � � !B! Z � ! X word operationspersecond.Thus,the
Fuzion150parallelcomputerperformsup to G�!B! GOPS.

6. Mapping of Sequence Comparison on the
Fuzion 150

Comparedto Systola1024no fastringshift operationis
availableontheFuzion150.Hence,weareusingadifferent
mappingschemefor SW cell computation. The commu-
nicationpatternin eachiterationstepnow consistsof two
steps:aread-leftoperationin even-numberedPEblocksand
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aread-rightoperationin odd-numberedPEblocks(seeFig.
7).

For thedetaileddescriptionwefirstly assumetheproces-
sorarraysizeto beequalto thequerysequencelength a ,
i.e. a � � L�G P . Fig. 7 shows the dataflow for aligning
thesequencesdv��f U f W ]1]h]&f i�j W and kM� -

U
- W ]h]1] -@l j W ,

where d is the query sequenceand k is a subject se-
quenceof the database.As a preprocessingstep,symbol
f 0 ��	=��! �1]h]1]@��as) �

, is loadedinto PE ��Np��q*� (notationfor
PE N of block q , i.e. Nr���"!#�h]h]1]/� � L�LB4 , q����"!#�h]1]h]�L�4 )
with q��A	 div

� L P and N{��	>�(w x � L P for even q and
N�� � L�L�)�	*�(w x � L P for odd q . k is loadedinto thelocal
memory. After that the row of the substitutiontablecor-
respondingto the respective characteris loadedinto each
PEaswell astheconstants7 and ; . k is thencompletely
shiftedthroughthearrayin ar+ | ) �

steps(Fig. 7). In
iterationstep I�� �(� I � ar+ | ) �

, thevalues���
	��%
�� ,
$���	��%
�� , and '(��	���
�� for all 	��%
 with

��� 	 � a ,
��� 
 � |

and I���	�+�
H) �
are computedin parallel in the PEs

��Np��q*� with q���	 div
� L P and Ng��	*�(w x � L P for even

q and N�� � LBL�)�	>�(w x � L P for odd q . For this calcula-
tion PE ��Np��q*� receivesthevalues����	�) � �%
�� , '(��	�) � �%
�� ,
and

-�2
from its neighbor, while thevalues�5��	6) � �%
:) � � ,

����	��%
�) � � , $��
	���
�) � � , f 0 , 7 , ; , and
��-/. �Ef 0 � - 2 � arestored

in thelocalDRAM.
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Figure 7. Data flo w for aligning two sequences
d and k on the Fuzion 150: d is loaded into
the processor array one character per PE and
k is completel y shifted thr ough the array in
ae+ | ) �

steps.



So far we have assumeda processorarrayequalin size
of the query sequencelength ( a � � L�G P ). In practice,
this rarelyhappens.Assumingaquerysequencelengthless
or larger the arraysize,our implementationis modifiedas
follows:

1. I F ab� � L�G P : In thiscasewecanjustreplicatetheim-
plementationfor a PEson eachsubarrayof size _ ,
i.e. I alignmentsof thesamequerysequencewith dif-
ferentsubjectsequencesarecomputedin parallel.

2. I F8� L�G P ��a : A possiblesolution is to split the se-
quencecomparisoninto k passes.However, this so-
lution requiresI/O of intermediateresultsin eachiter-
ationstep.Thisadditionaldatatransfercanbeavoided
by assigning �i charactersof thesequencesto eachPE
insteadof one. On theFuzion150it is possibleto as-
signupto

�3P
charactersperPE.Thus,querylengthsof

up
�"^ L�� P characterscanbe processedwithin a single

pass,which is sufficient for molecularapplications.

7. Performance Evaluation

A performancemeasurecommonly used in computa-
tional biology is millions of dynamiccell updatesper sec-
ond (MCUPS). A CUPS representsthe time for a com-
pletecomputationof oneentry of the matrix � , including
all comparisons,additionsandmaximacomputations.To
measuretheMCUPSperformanceon Systola1024andon
Fuzion150,we have given the instructioncountto update
two � -cellsperPEon Systola1024and

�3P � -cellsperPE
onFuzion150in Table1.

Becausenew � -valuesare computedfor two charac-
terswithin

P � instructionsin eachPE, the whole G ��F G �
processorarraycanperform

� ! ^ � cell updatesin thesame
time. This leads to a performanceof ` U��&�X �

F J CUPS
� ` U����X �

F S�UWVX FK� ! X CUPS ��� ^ MCUPS.Thecorrespond-
ing calculationfor the Fuzion 150 (

�1PpFc� L�G P � �"^ LB� P
cellsareupdatedwithin

� �BG ^ instructions)deliversa result
of ` �&S�� XWY��� �

F J CUPS � ` �&S�� XWV��� �
FK� !B! F � ! X CUPS � � L ^¡�

MCUPS.BecauseMCUPSdoesnot considerdatatransfer
time andquerylength,it is oftena weakmeasurethatdoes
notreflectthebehaviour of thecompletesystem.Therefore,
we will useexecutiontimesof databasescansfor different
querylengthsin our evaluation.

Theinvolveddatatransferin eachiterationstepis: input
of anew character

- 2
into thelowerwesternIP of eachI F _

subarrayfor query lengths
�O� ! ^ � (case1. in Section4)

andinput of a new
-�2

anda previously computedcell of �
and ' andoutputof an � -cell and ' -cell from the upper
westernIP for querylengths� � ! ^ � (case2. in Section4).
Duringthecomputationof

�3P
new � -cellsin eachPEof the

Fuzion150,onenew characteris input via the Fuzionbus
into eachsubarraythat performsa sequencecomparison.

Thus,therequireddatatransfertimeis totally dominatedby
abovecomputingtimesper iterationstepof

P � instructions
and

� �BG ^ instructions,respectively.
Table2 reportstimesfor scanningtheTrEMBL protein

databank(release14, which contains GBL �3¢ �BG ^ sequences
and

� !�! ¢ ! P � ¢ ^B^�� aminoacids)for querysequencesof vari-
ouslengthswith theSWalgorithm.

The Fuzion150 is
� L[) � � times fasterthana Systola

board. It reachesthe higher performance,becauseit has
beenbuilt with !#] � L"£ CMOS technology, in comparison
to

� ]¤!�£ for Systola1024. Extrapolatingto this technol-
ogy bothapproachesshouldperformequally. However, the
differencebetweenbotharchitecturesis thatFuzion150 is
purelya lineararray, while Systolais a mesh.This makes
theSystola1024amoreflexible design,suitablefor awider
rangeof applications,seee.g. [14, 15, 16].

For the comparisonof different parallel machines,we
havetakendatafrom Dahle,Grate,RiceandHughey [4] for
a databasesearchof the SW algorithmfor differentquery
lengths. The Fuzion150 is threeto four timesfasterthan
themuchlarger16K-PEMasPar. The1-boardKestrel [4]
is six times slower thana Fuzion150 chip. Kestrel’s de-
sign is also a programmablefine-grainedSIMD array. It
reachesthe lower performance,becauseit hasbeenbuilt
with older CMOS technology( ! ]¥L"£ ). SAMBA [5] is a
special-purposesystolicarrayfor sequencecomparisonim-
plementedon two add-onboards,which are aroundfive
timesslower thantheFuzion.

8. Conclusions and Future Work

In thispaperwehavedemonstratedthatfine-grainedpar-
allel architecturesare suitablesolutions for high perfor-
mancescanningof biosequencedatabases.We have pre-
sentedefficient mappingsof the SW algorithmon an ISA
and a SIMD array that lead to high-speedimplementa-
tions on Systola1024andFuzion150. By combiningthe
fine-grainedparallelismwith a coarse-graineddistribution
within a Beowulf PC-clusteran even higher performance
canbeachievedat a goodprice/performanceratio.

The exponentially growth of genomic databasesde-
mandseven more powerful parallel solutions in the fu-
ture.Becausecomparisonandalignmentalgorithmsthatare
favouredby biologistsarenot fixed,programmableparallel
solutionsarerequiredto speedup thesetasks.As analter-
native to special-purposesystems,hard-to-programrecon-
figurablesystems,and expensive supercomputers,we ad-
vocatethe useof specialisedyet programmablehardware
whosedevelopmentis tunedto systemspeed.

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



Table 1. Instruction Count (IC) to update
�

(
�3P

) � -cells in one PE of Systola 1024 (Fuzion 150) with
the corresponding operations.

Operationin eachPEperiterationstep IC Systola IC Fuzion
Get ����	>) � �%
��&�&'(��	*) � ��
��&� -�2 ��N�f�� 0 j W from neighbour

� ! ���
Compute

. �����"�¡�"! �&����	*) � �%
�) � �,+ ��-/. �Ef 0 � -�2 ��4 � ! LB� P
Compute'(��	��%
����u�����#������	*) � �%
��6)879��'(�
	>) � ��
��6)<;=4 � G�G P
Compute$���	��%
��������"�¡�"���
	���
¦) � �§)K7��&$���	���
�) � �6)?;=4 � ^�^ �
Compute����	��%
��=�c���"�¡� . ��'(�
	��%
��&�&$���	��%
���4 � G P �
ComputeN�f�� 0 �u���"�¡�"�5��	��%
��&��N�f�� 0 j W 4 ^ � � ^
Sum

P � � ��G ^

Table 2. Scan times (in seconds) of TrEMBL 14 for various quer y sequence lengths on Systola 1024,
the PC cluster with 16 Systola 1024, the Fuzion 150, and a Pentium III 1 GHz. The speed up compared
to the Pentium III is also repor ted.

Querysequencelength 256 512 1024 2048 4096
Systola1024(speedup) 294(4) 577(4) 1137(4) 2241(4) 4611(4)
Clusterof Systolas(speedup) 20 (53) 38 (56) 73 (58) 142(60) 290(59)
Fuzion150(speedup) 12 (88) 22 (97) 42(102) 82 (105) 162(106)
PentiumIII 1 GHz 1053 2132 4252 8581 17164

andmultimediavideoprocessing.Theresultsof this study
will influenceourdesigndecisionto build anext-generation
Systolaboardconsistingof onelarge

�3� � F��¨� � ISA or of a
clusterof

�1P G �©F G � ISAs.
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