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Abstract

Architectsandindustryhavebeensearchingfor thenext durablecomputationalmodel,the
next stepbeyond the standardCPU. Graphicsco-processors,thoughubiquitousandpower-
ful, canonly beeffectively usedon a limited rangeof stream-basedapplications.TheUCSC
Kestrelparallelprocessoris partof acontinuumof parallelprocessingarchitectures,stretching
from theapplication-speci�cthroughtheapplication-specializedto theapplication-unspeci�c.
Kestrelcombinesan ALU, multiplier, andlocal memory, with SystolicSharedRegistersfor
seamlessmerging of communicationandcomputation,andan innovative conditionstackfor
rapidconditionals.Theresulthasbeena readilyprogrammableandef�cient co-processorfor
a wide rangeof applications,including biological sequenceanalysis,imageprocessing,and
irregularproblems.Experiencewith Kestrelindicatesthatprogrammablesystolicprocessing,
andits naturalcombinationwith theSingleInstruction-MultipleData(SIMD) parallelarchi-
tecture,is themostpowerful, �e xible, andpower-ef�cient computationalmodelavailablefor
largegroupof applications.

Unlike otherapproachesthat try to displaceor replacethe standardserialprocessor, our
model recognizesthat the expansionin the applicationlandscapeandperformancerequire-
mentssimply imply that themostef�cient solutionis thecombinationof morethanonetype
of processor. We proposea modelin which theCPUandtheGPUarecomplementedby “the
third big chip”, amassively-parallelSIMD processor.

1 Intr oduction

Array processorsandspecializedhardwarehave long beenusedto acceleratesomeof the most
computationallydemandingalgorithmsandapplications.As the marchof technologyimproves
performanceandcost,thesespecializedprocessorsmaybecomeubiquitousin computingsystems.
Floating-pointchipsmadethistransitioninto thecentralprocessingunit (CPU)sometimeago,and



graphicsprocessingunits (GPUs)areworking towardthis status.Massively-parallelSIMD array
processorsarea candidatefor a similar transition,in supportof anotherwide rangeof algorithms
andapplications.

In this paper, we discussthe foundationsand architectureof the University of California
SantaCruz(UCSC)Kestrelparallelprocessor. While thesystemhasprovedto beanapplication-
unspeci�c parallelprocessor, its designandphilosophyis rootedin the domainof biological se-
quenceanalysis.

Biologicalsequenceanalysishaslongbeenastandardproblemfor application-speci�cprocess-
ing andall otherformsof high-performancecomputing.Theunderlyingalgorithmsaresimpleand
regular, andtheamountof datafor analysisis prodigious.Universityandcommercialprojectshave
tackledthis problemsincethe earlydaysof VLSI, andmany of theseapproachesarechronicled
within the proceedingsof Application-Speci�cArrays, ProcessorsandSystems(ASAP) confer-
enceandits predecessors.

The�rst suchmachinewasLopresti's1986PrincetonNucleicAcid Comparator(P-NAC) [27,
28], a single-purposesystolicarraythatprovidedgreatspeedupon its algorithm,andsetthestage
for themany application-speci�cVLSI andFPGAmachinesthatfollowed.

Thesecondwaveincludedtheuseof single-chip(MICSMACS)or single-board(Warp)proces-
sorsto createshortsystolicarraysdesignedfor signalprocessingbut suitablefor sequenceanalysis
andotherapplications[11, 2]. This periodalsointroducedthreemorespecializedmachineswith
moderateto extremenumbersof processingelements(PEs)oneachchip. BISP(16PEs/chip)and
BioSCAN (892PEs/chip)wereapplication-speci�c,eachsuitedto onespeci�c algorithm[4, 36].
This wave alsosaw the developmentof P-NAC's successor, the Brown SystolicArray (B-SYS,
47 PEs/chip).B-SYS incorporatedfull programmabilityasanapplicationspecializedprocessor,
while maintainingasimpleprocessingelementdesign[19, 20,15].

Flexibility andperformancecontinuedto increasewith new machinesfrom researchprojects
andindustry. The introductionof FPGA-basedcomputing[43, 12] led to their useassequence
analysisengines[12, 5, 42,24]. More generalcustomVLSI solutionsalsoappeared[41], andthe
MasPar mini-supercomputer[31] becamea commontool for bioinformaticsresearch.TheUCSC
Kestrelarchitecturesoughtto build uponthesedesignswhile alsopreservingtheB-SYSsystem's
simpleandef�cient SIMD programmingmodelandhigh computationaldensity. Theresultwasa
movementfrom theapplication-specializedB-SYSmachineto theapplication-unspeci�cKestrel
machine,ableto solve a far broaderselectionof problemsthanbiologicalsequenceanalysis[16,
17,14,33,8, 7].

ThefollowingsectionsdescribethearchitecturalandprogrammingfeaturesthatleadtoKestrel's
ef�ciency, moving from biological sequenceanalysis,to B-SYS, and then to Kestrel. Many of
the featuresthat madeKestrelsuccessfulre�ect the valuesof gooddesign: simplicity, regular-
ity, andattentionto detail. We concludewith anevaluationof theplaceof application-unspeci�c
SIMD processingwithin thecontext of FPGA-basedcomputation,multi-cores,graphicscards,and
application-speci�cprocessing.
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Figure 1: Dynamic programmingsequencecomparison,including (a) �lling in the matrix and
storingchoices,(b) thecompletematrixandbestpaths,and(c) thethreeoptimalalignments.

2 Biological SequenceAnalysis

A coreproblemof bioinformaticsis determiningtherelationshipbetweenmoleculessuchasDNA,
RNA, andproteins.Ideally, thebiologistwishesto discover thephysicalrelationshipbetweenthe
molecules(do they fold up thesameway?areimportantresiduesconserved?),but oftenmustrely
on just theinformationrelationship.

Oneof the bestways to discover the information relationshipbetweentwo sequences���
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Thecompletealgorithmconsistsof calculatingall of the ����� � valuesin a two-dimensionaldy-
namicprogrammingmatrixstartingfrom �/34� 3 andworkingtoward �




� � (Figure1a,with aninsertor
deletecostof 1, matchcostof 0, andmutatecostof 2). Eachelementis calculatedbasedon three
adjacentcells,leadingto thethreedatadependencies.If analignmentis beingcreated,anindicator
of at leastoneof theminimizing choicesshouldbesaved(the lines in Figure1a). Theelements
alongany diagonal,suchasthelast �nished onein Figure1amaybecalculatedin parallel,since
the datadependenciesareonly on valuesin the previous two diagonals.Oncethe calculationis
complete,theminimizingchoicesleadingbackfrom the�nal �




� � scoreindicateanoptimalalign-
ment(the lines in Figure1b). In this example,therearethreeoptimalalignments,all with a cost
of 3 accordingto this distancemeasure.Thetop alignmentin Figure1c hasa deletion,insertion,
andinsertion;themiddlehasaninsertion,deletion,andinsertion;andthebottomhasa mutation
andinsertion.
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Figure2: HiddenMarkov modelandcorrespondingalignmentof threesequences.

In practice,biologistsusea more complicatedform called the Smith-Watermanalgorithm
[30, 37], which involvesthreeinterleavedrecurrenceequationsaswell asgapinitiation andcon-
tinuation costs. The costsare centeredaroundzero, in the examplebelow with negative num-
bersshowing probablecorrespondence.By thresholdingthe calculationwith 0, and�nding the
best(mostnegative)scorein thedynamicprogrammingmatrix, thehighestscoringsubsequence-
subsequenceregionbetweenthetwo sequencesmaybefound:
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For themostexactingsearches,bioinformaticspractitionersusepro�le hiddenMarkov models
(HMMs) [25, 9], which enablecomparisonand alignmentof a single sequenceto a family of
sequences.HMMs also usethreeinterleaved recurrences,but with higher precisionand more
complicatedarithmetic.
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A pro�le HMM (Figure2) canbe thoughtof asa generative model for a family of alignedse-
quences.Eachstateof theHMM correspondsto a columnof thealignment,andcontainsa prob-
ability distribution over theaminoacidsor nucleotides.Theseprobabilities,aswell asthosefor
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Figure3: Index pointscalculatedateachtimestepof theparalleldynamicprogrammingalgorithm.
Theexamplearray, with one�x edsequenceandonemoving sequence,is shown at timestep4.

insertionsanddeletions,can be trainedfrom a set of sequencesin an iterative processthat in-
cludesrepeatedlyevaluatingthe HMM versionof the dynamicprogrammingcalculation. In the
dynamicprogrammingcalculation,theHMM replacesoneof thesequencessothat,for example,
eachcolumnof thedynamicprogrammingmatrix correspondsto onestatein thepro�le HMM.

An alternateversionof thisalgorithm,theforwardalgorithm,sumsandmultipliesprobabilities,
ratherthanmaximizingandaddingscores.Thisalgorithmproducessigni�cantly betterresultsfor
sequencealignment,discrimination,andHMM training[25].

These� .�����2 algorithmshave many mappingsto linear arrays.For programmablemachines,
oneof thebestmappingsis to preloadonesequence(or theHMM) into thearray, andthenmove
thesecondsequence(or database)throughthearrayfrom left to right. Thedynamicprogramming
matrix is thuscalculatedalongdiagonals,with �/��� � calculatedat step �

(�� in PE� usingvaluesjust
calculatedin PE� andtheadjacentPE���

� (Figure3).
Becauseof thevastsizeof genomicandproteindatabases,many universitiesandcompanies

haveworkedto acceleratethesequencecomparisonalgorithms[16]. P-NAC, the�rst application-
speci�c solution, placed30 PEson a chip, and implementedthe above equationover a four-
character(DNA or RNA) alphabet,with an insertor deletecostof 1 [27, 28]. This simplicity
enabledfastdynamicprogramming,critical for analyzinglarge sequencedatabases,but the lack
of supportfor Smith-Watermanandotheralgorithmsreducedtheutility for biologists.

3 The Brown SystolicArray

The goal of the Brown Systolic Array (B-SYS) was to develop a successorco-processorto P-
NAC. Maintainingsimplicity similar to thatof P-NAC wascritical to ensurethatmany PEscould
be placedon a singledie, enablinglarge arraysto be createdwith only a handful of chips. It
wasalsoimportantto introduceprogrammabilityinto the system.The family of sequencecom-
parisonalgorithmsis broad,andall or mostof the many variationscanonly beacceleratedon a
programmablemachine.
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// The first opcode (e.g., xorABC) determines the result
// (stored in LF) based on two inputs (L2, R2) and the carry.
// The second opcode (e.g., Zsub) determines the operation of the
// carry chain, as well as the input and output flag registers.
// F7 is preset to 0, and F6 is preset to 1. The next iteration
// of this loop begins by comparing previous costs stored in L4
// and R4, placing the result in R2 rather than R4.

// Compare two previous costs (L2, R2)
xorABC L2 R2 LF Zsub F7 F1

// But do the comparison mod 256
fnA LF LF LF Zmsb F1 F1

// Select the minimum, place in LF
selectABonC L2 R2 LF Zconst F1 F1

// Add 1, the insertion or deletion cost, to LF
xorAC LF LF LF Zadda F6 F1

// Compare the characters in L1 and R0, passing the L1
// character to the right, feeding a character to the array

fnA L1 R0 R1 matchAB F7 F2 load(*s++)
// If the characters matched, use L4 as the cost,
// otherwise use LF. Store result in R4

selectABonC L4 LF R4 Zconst F2 F2

Figure 7: B-SYS codefor calculatingedit distancemod-256(as implementedin hardware by
P-NAC).

The naturalchoicefor B-SYS wasa linear systolicarray, the mostef�cient architecturefor
sequenceanalysis.Thelineararraycanbeplacedin low pin-countpackagesandis tremendously
scalable.Of course,the costof that scalability is ever increasinglatenciesfrom oneendof the
arrayto theother. As theKestrelprojectwasto demonstrate,the lineararrayis far more�e xible
asacomputationenginethanmightbegenerallythought.

B-SYSintroducedtheconceptof SystolicSharedRegisters(SSRs,Figure4), in whichregister
banksaresharedbetweenadjacentPEs.TheSSRsenableseamlessintegrationof computationand
communication,asasingleinstructioncanspecifythatvaluesshouldbereadfrom theleft register
bank,computedupon,andwritten to the right registerbank. On a SIMD machine,therewill be
no bankcon�icts becauseevery PE is readingthe sameoperandregistersandwriting the same
destinationregister. Thecostof SSRsis oneinstructionbit peroperandandoneextraregisterbank
perchip to ensureall operandsareonchip.

B-SYS (Figures5 and 6) consistedof 10 customchips, eachwith 47 processingelements
implementedwith 85,000transistors[20]. Eachprocessingelementhada�e xible 8-bit arithmetic-
logic unit (ALU) looselybasedontheOM-1 [29], 1 mask�ag, 7 general-purpose�ags, andsixteen
8-bit registers.A 38-bit instructionis broadcasteachclock cycle. (The �rst designpresentedto
ASAP proposedsystolic,ratherthanbroadcast,instructions[19].) Dueto thelack of anon-board
instructionmemoryandcontroller, thetestsystemonly ranat250kHz ona25MHz host,although
thechipscouldrun10 timesfaster.

TheSSRsenabledimplementationof P-NAC's innerloop in 6 instructions(6 clockcycles)by,
for example,shifting a characterfrom left to right at thesametime ascomparingit to thestored
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character(Figure7). With a non-programmablearchitecture,P-NAC implementedthis loop in
two clockphases.OnaprogrammablemachinewithoutSSRs,two or moreadditionalinstructions
would be necesaryto explicitly move databetweenprocessingelementsprior to eachinner loop
calculation. As sequenceanalysisperformancecorrespondsdirectly to the length of the inner
loop, this wasa particularlynotableachievement.Evenat 250kHz, thesingle-board,470-PEB-
SYSsystemperformedsequencecomparisonataboutthesamespeedasthemuchlarger16K PE
Thinking MachinesCM-2 [20]. At the time, somewhat fastersolutionsincludedthe �rst FPGA-
basedsequencecomparisonsolutionon the Splashmachinewith 32 Xilinx chips[12], andtwo
single-purposeVLSI systemson muchlargerchips[36, 4].

B-SYS includeda uni�ed softwareenvironmentwith both assemblylanguageanda higher-
level language,the New SystolicLanguage(NSL). NSL useda streamprogrammingmodelfor
systolicalgorithms,joining theI/O characteristicsof astream,suchasasequence,with theparallel
streamvariables. The languageoverloadedC++ operatorsfor parallel computation,performed
rudimentarycodeoptimization,andmanaged�le I/O betweenthehostandarrayor simulator[15].

TheB-SYSexperienceprovidedseverallessons:

� Designthefull system,not just thechips.Theinstructionanddatabottlenecksbetweenthe
hostmachinecosta factorof 10 in performance.

� Know your algorithms.B-SYSwasdesignedfor DNA sequencecomparisonwith its four-
characteralphabet.Proteinsequencecomparisoninvolvesa 20-characteralphabet,andre-
quireslookuptablesin eachPE. AlthoughB-SYS' programmabilityenabledtheclustering
of PEsto implementproteinanalysis,the clusteringhadconsiderableoverhead,retarding
performance.

� Build application-specializedprocessorsratherthanapplication-speci�c.In additionto one
dozensequencecomparisonvariations(with innerloopsof 6 to 54 instructions),B-SYSwas
alsoquickly programmedfor classicalgorithmssuchassortingandHorner's method,and
otherproblemsaswell.

� Usesimplearchitecturesto enabledenseimplementations.Thegreatadvantageof theSIMD
architectureis the lack of local instructionsequencingor decoding.With commonregister
addressingandALU control,instructionscanbelatchedanddecodedonceperphysicalrow
of PEswithin thechip.

� Includemorememoryperprocessingelement.A recurringthemeof �rst-generationsystem
design. The SSRswerejust 40% of B-SYS PE area,with the ALU, �ags, and(minimal)
local control using the rest. This is an inef�cient ratio whengroupingis usedto expand
memoryperlogicalPE.

4 The UCSC Kestrel Parallel Processor

Kestrelgrew from threeconverging experiences:B-SYS, the growing bioinformaticsefforts at
theUniversityof CaliforniaSantaCruz(UCSC),andexperiencewith a MasParparallelcomputer
[14, 7, 16].
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In the 1990s,UCSCpioneeredthe useof HMMs for sequenceanalysis[25]. The technique
is now standardthroughoutbioinformatics,and is a corecomponentof multiple alignmentand
proteinstructurepredictionalgorithms[23]. While scoringagainstadatabaseof HMMs is similar
to performingSmith-Waterman(thoughslower dueto themorecomplicatedalgorithm),creating
anHMM is a time-consumingiterativeprocess,addinganotherfactorof 50 to 100[39]. For these
reasons,we implementedtheHMM algorithmsonaMasParparallelcomputer[18].

TheMasParMP-2wasa32-bitSIMD machinewith localmemoryaddressing,ameshconnec-
tion, andaglobalrouter[31]. Instructionsweremicrocoded,with basicoperationsrequiring4–40,
or more,cycles.Thesystemincluded32PEsperchip,and1K PEsper(large)board,in con�gura-
tionsup to 16K PEs.While theMasPar workedwell asa somewhatspecializedsupercomputer, it
wasmuchlargerandmorecomplicatedthannecessary, andin somewaysinef�cient, for thefamily
of sequenceanalysisalgorithms.

Kestrelgrew out of a desireto supportbioinformaticsalgorithmsimpossibleon B-SYS(with
its lackof localmemory)andmoreef�ciently thantheMasPar.

Kestrel(Figures8, 9 , and10)maintainsthelinearSystolicSharedRegister(SSR)architecture
andthe 8-bit word of B-SYS. We determinedthat 8 bits continuedto be an appropriatemix of
�e xibility for performing8,16,24,and32-bitsequenceanalysisproblems,andbitwiseparallelism.

Conditionalprocessingis a primary limitation of the SIMD architecture.Becausethe same
instructionis broadcastto all processingelements,“if. . .else”clausesrequireprocessingelement
masking.Many SIMD machines(MPP, B-SYS,CM-1, MasPar, Kestrel)have1-bit mask�ag reg-
istersto indicatewhetheror not the PEshouldexecuteconditionalinstructions.While an “else”
maybeperformedin oneinstruction(negatingthe�ag), othercommonoperationsfor conditional
execution,especiallynestedconditionals,requiresstoragein PE memoryandadditionalinstruc-
tions.

Oneof themostinnovativeaspectsof Kestrelis eachPE's eight-bitconditionstack.Thecon-
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Function Use
Clear Eraseall conditions,activateall PEs.
Push Begin anif clause,addingaconditionto thestack.
AND TOS Replacethe top of stack (TOS, the bit shifter's msb) with the

AND of the TOS andanotherbit. Evaluatethe secondpart of an
if (X | Y) clause. The AND is usedto evaluateOR clauses
becausebitsareassertedlow in thebit shifter.

ORTOS Evaluatethesecondpartof anif (X & Y) clause.
ComplementTOS Invert thecurrentconditionfor anelse clause.
Pop Completeacondition,restoringapreviousstate.
PopandComplementTOS Remove one layer of nestingand start an else clause,as in if

(X)
�

if (Y)
�����

else .
ReplaceTOS Completeoneconditionandstartanotherat thesamenestinglevel,

asin if (X)
���

if (Y) .
Store Savecurrentstate.Freebit shifterfor othertasks.Canbeusedwith

Load,Clear, andSetto processmorethan8 nestedconditions.
Load Restoreapreviousstate.

Table1: Conditionstackfunctionsassociatedwith processingnestedconditionals[6].

dition stackis an8-bit hardwarestackthatalsosupportsparallelreadsandwrites. Thecondition
stackperformsthebasicbit operationsnecessaryfor conditionalprocessingin parallelwith other
PEoperations,requiringzeroadditionalinstructions.Beyondpushing,popping,andcomplement-
ing bits, it cancombineconditionswith logical operationsandperformsuchoperationsas`pop
andcompliment',usedwhenexiting a nested̀ if ' into an `else' clause(Table1). The condition
stackgivesKestrelthe mostrapid PE activity switchingof, to our knowledge,any SIMD array
everdesigned.

In additionto theconditionstack,Kestreladdsseveraldistinctive featuresto theB-SYSlinear
architecturewith sharedsystolicregisters(Figure8):

� Multiplier. Multiplication wasrequiredfor implementationof the HMM algorithms. The
multiplier was key to making Kestrela general-purposesystolic array, and its multiply-
accumulate-accumulateoperationmorethandoubledthespeedof 32-bitmultiplies.

� Localmemory. In additionto thenow 32 SSRs,eachPEhas256bytesof locally-addressed
memory. The local addressingis critical for proteinandHMM sequenceanalysis,andof
coursehasmany otheruses.

� ALU/Comparator. Gearedtoward the sequenceanalysisapplications,Kestrelincludesan
integratedALU andcomparator, able to performsingle-cycle additionandminimization.
ThisfeaturemotivatedKestrel'sthree-operanddesign.While importantfor Smith-Waterman
performance,this featureis nota requirementfor general-purposesystoliccomputing.

� Multiprecisionoperation.Specialcarewastakenin theALU, comparator, andmultiplier to
ensureef�cient multi-byteoperation.
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;; Insert <-- max (Insert+continue,MGC)
add R$Inslo, R$Inslo, $CONTL
smaxc add mp R$Inshi, R$Inshi, $CONTH, R$MGChi
smaxc cmp R$Inslo, R$Inslo, R$MGClo

;; Delete <-- max (Delete+continue,MGC)
add R$Dello, L$Dello, $CONTL
smaxc add mp R$Delhi, L$Delhi, $CONTH, R$MGChi
smaxc cmp R$Dello, R$Dello, R$MGClo

;; Shift the sliding sequence;
;; read a new value from the queue;
;; Lookup the character cost in SRAM
move R$Seq, L$Seq, qtoarr, read(L$Seq)

;; Match <-- max(MDI+charcost,0)
;; Zero-threshold for local scoring
;; of Smith & Waterman
add L$TMPlo, L$MDIlo, mdr
smaxc add mp L$TMPhi, L$MDIhi, smdr, #0
smaxc cmp L$TMPlo, L$TMPlo, #0

;; Add the gap cost to the Match cost for
;; Delete and Insert calculations
add R$MGClo, L$TMPlo, $GAP_LO
add R$MGChi, L$TMPhi, $GAP_HI

;; Store the best score so
smaxc L$score_hi, L$score_hi, L$TMPhi
smaxc cmp L$score_lo, L$score_lo, L$TMPlo

;; MDI <-- max (Match, Insert, Delete)
;; for future Match calculation.
;; Branch to start of nested loop
smaxc R$MDIhi, L$TMPhi, R$Inshi
smaxc cmp R$MDIlo, L$TMPlo, R$Inslo
smaxc R$MDIhi, R$MDIhi, R$Delhi
smaxc cmp R$MDIlo, R$MDIlo, R$Dello, endLoop

;; mp = multiprecision ALU op
;; cmp = topdown multiprecision comparator op
;; smdr = sign extension of the 1-byte MDR
;; smaxc= signed maximum with operand C

Figure11: Coreassemblycodefor 16-bitKestrelSmith-Waterman.

Thesystemarchitecture(Figure10)includesanarraycontrollerimplementedona�eld-programmable
gatearray(FPGA),on-boardinstructionmemory, datainput andoutputqueues,a PCI bus inter-
facechip, andclock circuitry (not shown). Every 96-bit Kestrelinstructionincludes54 bits of
instructionfor theKestrelPEs,and42bits for thearraycontroller.

In a parallelprocessor, it is critical to keepthePEarraybusyperformingusefulcalculations.
Kestrelachievedthisgoalatseverallevels.Theorthogonalinstructionsetenableseverybroadcast
instructionto accessthememorywith indirectaddressing,modify theconditionstack,performan
ALU/Comparatoror Multiplier operation,and,via the SSRs,move datathroughthe array. The
single-clockexecutionof an instructionis well-balancedto the broadcasttime of the instruction
anddecodedregisteraddresses.At thesametime, theKestrelcontrollermaybepassingdataback
andforth to thearray, evaluatingloopconditionsbasedon acounteror wired-or, or branching.

Thesemany levelsof parallelismenablethecoreSmith-Watermanfunctionon16-bit numbers
to beperformedin only 18 instructionsor 18 clock cycles(Figure11). Again,ampleuseis made
of the zero-instructioncommunicationprovided by the SystolicSharedRegisters. Comparedto
a 500MHz UltraSparc-II,Kestrelachieved speedupsof 100 for Smith-Waterman,44 for Viterbi
(add/min)HMM scoring,and8 for Forward(mult/add)HMM scoring[7].

Kestrelalsodoesvery well againstgeneral-purpose,special-purpose,andFPGA processors.
It is dif�cult to comparemachinesacrosstechnologiesandbudgets. Newer technologiesboast
higherclock speeds,and larger budgetslead to larger chipsandsystems.Oneway of compar-
ing sequenceanalysisperformanceis in termsof performanceper transistor[7]. Although this
doesnotcorrectfor clockspeedincreasesbetweenCMOSgenerations,it doescorrectfor scaling.
Kestrel's 19970.5� m chipsat 20MHz, half their achievablespeed,are360 timesmoreef�cient
on proteinsequenceanalysisthan the 6-year-earlierMasPar MP-2 (1992,1.0� m at 12.5MHz).
Kestrel's 20MHz ef�ciency is alsobetterthan3 machinesfrom thenext two CMOSgenerations.
Theseincludeavery largegeneral-purposeVLSI processor(Fuzion150,2000,0.25 � m, 200MHz
[35]), a commercialFPGA sequenceanalysismachine(DeCypher, 2001,0.18 � m? [42]), anda
commercialsequenceanalysisASIC (GeneMatcher2,2001,0.13� m?192MHz, [32]) [7].

TheKestrelprojectprovidedseverallessons,someof whichechothoselearnedwith theearlier
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Figure12: Groupingprocessingelementsin thechemistryapplication.

system:

� Spendasmuchtime designingthe full systemasthe chips. The Kestrel1 controller, now
on boardwith the instructionmemory, wasquickly prototypedasa single-cycle sequencer.
Unfortunately, we did not originally designa pipelinedboardandcontroller, which would
haveenabledtheKestrelchipsto functionat40 MHz, twiceasfastastheKestrel1 system.

� Createnew algorithms. Oneof the mostamazingaspectsof the Kestrelprojecthasbeen
the variety of algorithms,many not obviously parallelizableon a linear array. While high
Kestrelperformancewasexpectedon sequenceanalysis,Kestrel's successfulapplicationto
graphproblems,asynchronousalgorithms,�oating-point arithmetic,machinelearning,and
conformationanalysiswasasurprise.

� Compilersareimportantbut hardto do well. For severalyears,we workedto createa full-
�edged compiler for Kestrel. The limited local memory, reducingthe ability to spill and
retrieve registers,madethe implementationdif�cult. Although able to generatecode,we
neverusedit to programthearray.

� Includemorememory. A recurringthemeof second-generationsystemdesignaswell. In
Kestrel'scase,theprimarymemoryissuesaretheneedfor on-boardmemoryandapotential
increasein thelocal memory. UnlikeB-SYS,however, conditionalexecutionandprocessor
groupingis suf�ciently ef�cient sothatthis is notamajorproblem.

5 Application-Unspeci�c Processing

The most importantfeatureof Kestrelis its �e xibility . We have programmedKestrelfor com-
putationalchemistry, protein conformationanalysis,neuralnetworks, �oating-point arithmetic,
high-speeddivision,andavarietyof imageprocessingalgorithms[7, 33].

Thecomputationalchemistryapplicationis particularlyinterestingfor its useof PEgrouping.
In thisproblem,Kestrelanalyzesall possibleconformationsof asmallmoleculeto createa14kbit
geometric�ngerprint [33]. Each�ngerprint bit indicatesthepresenceor absenceof aparticularset
of threeatomtypesforminga trianglewith speci�c lengthrangesbetweentheatoms.Theparallel
algorithmincludesloadingconformationsinto thearray, computingpairwisedistanceswithin each
conformation,andusingsetsof threepairwisedistancesandthreeatomtypesto determinewhich
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MeasurementsInitial Frame Convolved Frame Tracking

SpeedupFrames/sTime / frame

MATLAB

C + Kestrel

C + Kestrel-2

53 s (60% conv.)

0.96 s (92% conv.)C

87 ms (19% conv.) 11.50

0.02

1.04

0.72 s (90% conv.)

1.0

55.2

73.6

609

1.38

Figure13: Four stepsin our cell-trackingprogram(shown on a small portion of the actualim-
age)anda summaryof theperformancewith theparallelfractionof thecomputation,which also
includesthebi-linearinterpolation.

�ngerprint bits to assert. The resultsfor the many conformationsare combined,and the �nal
�ngerprint is sentbackto thehost.

In theKestrelmapping,blocksof threePEsareusedto processeachconformation.For every
eightblocks,weallocatedanadditionaleightPEsfor storinglocalcopiesof thedeveloping�nger-
print (the8PEshaveatotalof 16kbit of localmemory),sothatvaluescouldbeaccumulatedwithin
thearraycloseto their calculationratherthanbeingshiftedout of thearrayaftereachcompleted
calculation.Similarly, becauseof the lack of datamemoryon the Kestrelboard,another196 of
the512PEswereusedasauxiliarymemory, storingatomtypeandconformationdataasgroupsof
conformationsareprocessed(Figure12). This applicationhighlightsthatsmallandsimpleSIMD
PEscanbeeffectively groupedto tacklelargeproblems.

Most recently, we createda Kestrelapplicationfor theobjectrecognitionandtrackingof red
bloodcells in microscopeimages(Figure13) [22]. Theapplicationalsoenhancesthevideo res-
olution to beableto accuratelymeasurethecells' parametersneededfor theexperiment— area,
perimeter, andsphericity. Finally, the goal was to monitor eachcell's parametersover time to
studythecells' reactivity. Thiswasdoneby trackingall cellsacrossframesin avideostream.Our
implementationhasa C front-endinterfacingwith Kestrelfor themostdata-intensiveprocessing.
Theseincludea bi-linear interpolationto increasethe resolutionof the image,andsubsequently
performsa bi-dimensionalconvolution usinga cell imageasthekernel.Both theseoperationsare
computationally-anddata-intensive,aswell asembarrassinglyparallel,andmapef�ciently onour
architecture,while on astandardCPUthey stressthecacheperformance.

Our speedupover the original Matlab-basedimplementationbroughtprocessingtime down
from severalhoursto a few tensof secondsfor a typical video,aswasexpected.However, it was
still far from real-timeprocessing.We have shown thatwith our next processorboardgeneration
with twice asmany of theoriginal 64-PEchipsanda pipelinedcontrollerenablinga doublingof
clockspeed,Kestrel2 (Figure14), thespeedupwouldenablealmost-real-timeprocessing[22].
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Figure14: TheKestrel2 board.

We also developeda paradigmof phasedprogrammingfor implementingasynchronousal-
gorithmson SIMD arrays[8]. This programmingmodel,the SIMD PhaseProgrammingModel
(SPPM),providesa clearmethodologyto implementasynchronous,irregularproblemson SIMD
architectures,extendingtheconventionalapplicationrangeof thearchitecture.SPPMis suitable
for assembleror compilersupport,thoughin the lattercase,on Kestrel,would run into thesame
registerallocationissuesdiscussedabove. Thismethodstartsfrom asequentialimplementationof
thealgorithmto parallelize,andhas� vesteps:

1. Problempartitioninganddata�ow de�nition, whichincludesall fourstepsof Foster'sdesign
methodology:Partitioning,communication,agglomeration,andmapping[10].

2. Control-�ow transformation, in which the control �o w of the partitionedprogramis ex-
plicitly modi�ed to implementall �o w control structuresusingonly conditionalbranching
(if/else)andunconditionaljumps(goto).

3. Single-PEsequentialprogram, in which the programis mappedto the speci�c parallelar-
chitecture,usingoneof thePEsasa serialprocessor.

4. Phaseidenti�cation andcodeparallelization, in which thecodeis partitionedinto phases,
that will be atomicgroupsof instructionsexecutedby PEsin the active setonly. Phases
themselvesaredesignedin suchaway thatthey automaticallyde�ne theproperactiveset.

5. Optimization, to reducetheparallelismoverheadby maximizingtheactive fractionby dy-
namicallyadjustingtheschedulein which thephasesarebroadcast.

Figure15 illustratestheprocessin step4, wherephasesareidenti�ed in the�o w-chartre�ect-
ing thealgorithmproducedat step3, andthecodeis instrumentedto handleparallelexecution.

In casestudiesimplementedwith this programmingmodel,we have found that the PE ef�-
ciency remainsfairly high (above 40 or 50%)evenfor hundredsor thousandsof PEs.Of course,
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if (PE_phase == 4)

do (OP D)

if (C3) END Program
else    PE_phase := 1
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if (PE_phase == 1)

do (OP A)

T

else     PE_phase := 3

if (PE_phase == 2)

do (OP C)

else     PE_phase := 1
if (C2)  PE_phase := 4

PHASE 1

PHASE 2

PHASE 3

if (C1)  PE_phase := 2

END

if (PE_phase == 3)

do (OP B)

PE_phase := 1

PHASE 4

Figure15: Froma generic�o w-chart(left) to theSIMD-parallelizedcodeaccordingto theSIMD
PhaseProgrammingModel.

thisef�ciency is stronglydependentonthenatureof theproblemandontheactualimplementation.
Overall,ourprogrammingmodelandresultsreinforcethattheSIMD lineararrayis apowerful and
ef�cient coprocessorwith awide rangeof applications.

6 The Third Big Chip

Currently, mostcomputersarebuilt aroundtwo major computationalcenters:The CPU andthe
GraphicsProcessingUnit, GPU.TheCPUis responsiblefor all computationsexceptthoserelated
to image-generation,which areperformedby theGPU. If oneconsidersthespaceof all possible
applications,imagegenerationis a narrow niche. However, the computationalintensityof this
particularapplicationandits popularity, suchasin videogames,hasjusti�ed theextracomponent.

Contraryto intuition, thespaceof popularapplicationsexpandswith theincreasedcomputing
power available,ratherthansaturating.Thereforetodaywe seean increasedneedfor computa-
tionalpowerto enablenew andemergingapplications.As anexample,thenew videocompression
standardsMPEG-4.10(alsoknown asH.264)or Microsoft's VC-1 requirecomputationalpower
thatcannotbefoundin any ordinaryPCor workstationto producehigh-de�nition compressionin
real time [34, 26]. However, thereis a growing demandfor this functionality in differentspaces,
from video-over-IP to high-de�nition videoconferencing.

Of course,both theCPUandtheGPUkeepimproving their performanceat anamazingrate,
and in the caseof the GPU, also the �e xibility andprogrammability. An approachgenerically
called“GPGPU”for General-PurposeGPUstudieshow tousetheimpressivecomputationalpower
of theGPU to solve generalproblems.This approach,onceonly thehobbyof a few specialized
hackers,hasbeen�nding moreandmoreinterestandsupportwith theGPUmanufacturers.Specif-
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Figure16: Applicationdomainsof thethreebig chips

ically, nVidia hasbeenveryactive in this �eld, andhasrecentlyreleasedthemost�e xible graphics
architectureto date,theG80,togetherwith aGPU-speci�cprogramminglanguage,CUDA [40].

Even with this added�e xibility , it appearsthat the combinationof CPU andGPU doesnot
ef�ciently cover the spaceof new massively-parallelapplications. The GPU focuson �oating-
point-intensive streamingapplicationscan leadto inef�ciencies andunrealizedperformancefor
integerapplications,in particulardatabaseanddatamanagementoperations.This is why several
companiesarenow exploring architecturalsolutionsmostsuitableto becometheso-called“third
big chip”, to ef�ciently complementthecurrenttwo (Fig. 16).

We believe that the massive-coreSIMD architectureis the optimal candidatefor the job. Its
architectureis completelydifferentfrom thatof theCPUandof theGPU,andthereforeits perfor-
mancepeaksat completelydifferentcoordinatesin theapplicationspace.TheSIMD architecture
hasa minimal amountof control, making it power-optimal in the bestcase,which reducesthe
electricalcostpercomputationwhencomparedwith othersolutionsevenat thesameperformance
level. Also, managingthe designcomplexity of the linear SIMD architectureis straightforward,
andthisarchitectureis alsothesimplestto scaleat thesoftwarelevel.

We arecurrentlydesigninga next generationof our architecture,calledthePelikanprocessor.
In thisarchitecture,wecombinetheef�cient designof RISCCPUswith thebestfeaturesof linear
SIMD arraysbasedon our experiencewith Kestrel. We expect the result to be an outstanding
machinewith exceptionalperformanceoverall,aswell aspersquarenmandperWatt.

7 Conclusions

Are programmablesystolicarraysa technologythathascomeandgone?At the time of B-SYS,
software-programmablelogic wasjuststartingto becomeviablefor computing.B-SYSprovideda

17



muchmorereadilyprogrammableenvironment,andamuchhigherdensityof computation.At that
timea revolution in computingmachineswashappening:theavailability of high-scaleintegration
that enabledsystolic arrayswasmakingpossibletheir extensionto more �e xible architectures.
The merging of SIMD parallelarchitecturewith the systolicstructuresresultedin machineslike
Kestrel.

Not exactlyaspower- andarea-ef�cient assystolicarraysor ASICs,SIMD processorswereand
still are�e xible enoughto cover a range of applications.While theoptimal mappingof general
problemson SIMD is still unsolved, we have seenthat it is not dif�cult to maphighly parallel
problemsin awaythatmakesthesearchitecturescompetitive.With asinglecontrolunit, almostall
thepower andareaareusedfor datapathandmemory. In this sense,they aretherefore“optimal”.
For problemsin which the computation�o w is data-independentor with small data-dependent
conditionalbranches,thesearchitecturesareordersof magnitudefasterandmoreef�cient than
multi-coreor multi-CPU systems.Even whencomparedwith an emerging parallelcoprocessor,
thevideocardusedfor general-purposeprocessing(GPGPU)[13], SIMD machinesstill comeup
winnersin many cases.Thegraphicspipelineproducesa tremendousamountof horsepower, but
it is muchless�e xible thana fully-programmableSIMD parallelprocessor. Moreover, asof now,
theprogrammerhasvery little controlover theactualdegreeof parallelismin avideocard.

Hardware-programmablelogic devices(FPGAs)areinterestingin thatonesupposedlyachieves
ASIC-like performancewith CPU-like programmability. However, FPGAsrequireknowledge
of hardwaredesign,andof FPGA-speci�cdesigntechniquesto achieve performance.And even
with state-of-the-artFPGA-acceleratedcomputers[38], supportedby expertFPGAdesignersand
expertsupercomputingapplicationsdevelopers,realFPGA-basedsystemsin practiceonly achieve
modestspeedups.For example,onerecentdesignreportsachieving a speedupof threecompared
to microprocessorruntimeon a high-performanceworkstationpoweredby an add-onprocessor
with two FPGAsfor abiomolecularsimulation[1]. Othercritical factorsincludepoweref�ciency
and silicon ef�ciency. Roughly speaking,for the sameapplication,an FPGA's computational
poweranddensityis aboutoneorderof magnitudelower thanthatof anequivalentASIC [7], and,
dueto the largernumberof transistorspercomputationandinterconnectionoverhead,thepower
consumptioncanbeanorderof magnitudehigher.

Finally, the industrytrendtowardmulticorescon�rm, in a way, thatSIMD processorshave a
placein thecomputationallandscape.In fact,thesymmetricmulticorearchitecturehasshown the
samelimitations of networks of workstationsand in generalMultiple Instruction-MultipleData
(MIMD) systems.In mosthigh-performanceapplications,MIMD systemsrun in SingleProgram-
Multiple Data(SPMD)mode,with eachprocessorrunningthesameprogram,wastinga consid-
erableamountof power to replicatethe commoncontrol �o w. While the advantageof having a
homogeneousarchitectureis still considerable,severalcompaniesareexperimentingwith anevo-
lution of thissimplemulti-corearchitecture— theasymmetricmulticorearchitecture.Perhapsthe
mostfamousexampletodayis theIBM Cell [21], which combinesapowerful, complex PowerPC
corewith 8 simplerandmoreef�cient Synergistic ProcessingElements.Anotherexampleis the
architectureby CradleTechnology, thatcombinestwo blocks,eachwith four general-purposepro-
cessorsandeightDSPs.Theideais clearlyto exploit thegoodserialperformanceof few complex
cores,andthe high parallelperformanceof several simplecores[3]. Taking this approachto its
limit generateswhatweseeasthenext computationalmodel:aCPU(andpossiblyaGPU)with a
fully-programmable,massive-coreSIMD coprocessor.
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Theexperiencewith Kestrelshows thetremendousef�ciency of suchamodel.
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