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Abstract

Architectsandindustryhave beensearchingor the next durablecomputationamodel,the
next stepbeyond the standardCPU. Graphicsco-processorghoughubiquitousand powver
ful, canonly be effectively usedon a limited rangeof stream-basedpplications.The UCSC
Kestrelparallelprocessois partof acontinuumof parallelprocessin@rchitecturesstretching
from theapplication-speci ahroughtheapplication-speciaedto theapplication-unspeci c.
Kestrelcombinesan ALU, multiplier, andlocal memory with Systolic SharedRegistersfor
seamlessneiging of communicatiorand computationandan innovative conditionstackfor
rapid conditionals.Theresulthasbeena readily programmablendef cient co-processofor
a wide rangeof applications,jncluding biological sequence&nalysis,imageprocessingand
irregular problems.Experiencevith Kestrelindicatesthatprogrammableystolicprocessing,
andits naturalcombinationwith the SingleInstruction-MultipleData(SIMD) parallelarchi-
tecture,is the mostpowerful, e xible, andpower-ef cient computationamodelavailablefor
large groupof applications.

Unlike otherapproachesghattry to displaceor replacethe standardserial processqrour
model recognizeghat the expansionin the applicationlandscapeand performancaequire-
mentssimply imply thatthe mostef cient solutionis the combinationof morethanonetype
of processorWe proposea modelin which the CPUandthe GPU arecomplementedby “the
third big chip”, amassvely-parallelSIMD processor

1 Intr oduction

Array processorand specializedchardware have long beenusedto acceleratesomeof the most
computationallydemandingalgorithmsand applications. As the marchof technologyimproves
performancendcost,thesespecializegrocessorsaybecomeubiquitousin computingsystems.
Floating-pointchipsmadethistransitioninto thecentralprocessinginit (CPU)sometime ago,and



graphicsprocessinginits (GPUs)areworking towardthis status.Massvely-parallelISIMD array
processorsirea candidatgor a similar transition,in supportof anothemwide rangeof algorithms
andapplications.

In this paper we discussthe foundationsand architectureof the University of California
SantaCruz (UCSC)KestrelparallelprocessarWhile the systemhasprovedto beanapplication-
unspeci c parallelprocessarits designandphilosophyis rootedin the domainof biological se-
guenceanalysis.

Biologicalsequencanalysishaslongbeenastandargroblemfor application-speci qorocess-
ing andall otherformsof high-performanceomputing.Theunderlyingalgorithmsaresimpleand
regular, andtheamountof datafor analysids prodigious.Universityandcommerciaprojectshave
tackledthis problemsincethe early daysof VLSI, andmary of theseapproachesarechronicled
within the proceeding®f Application-Speci c Arrays, Processoraind SystemgASAP) confer
enceandits predecessors.

The rst suchmachinewasLopresti's 1986PrincetonNucleicAcid ComparatofP-NAC) [27,
28], asingle-purpossystolicarraythatprovided greatspeedupn its algorithm,andsetthe stage
for themary application-speci cVLSI andFPGAmachineghatfollowed.

Thesecondvaveincludedthe useof single-chip(MICSMACS)or single-boardWarp)proces-
sorsto createshortsystolicarraysdesignedor signalprocessindput suitablefor sequencanalysis
andotherapplicationd11, 2]. This periodalsointroducedthreemorespecializednachineswith
moderatdo extremenumbersof processinglement{PEs)on eachchip. BISP (16 PEs/chip)and
BioSCAN (892 PEs/chip)wereapplication-speci ceachsuitedto onespeci c algorithm[4, 36].
This wave alsosav the developmentof P-NAC's successorthe Brown Systolic Array (B-SYS,
47 PEs/chip).B-SYSincorporatedull programmabilityasan applicationspecializedorocessaqr
while maintaininga simpleprocessinglementdesign[19, 20, 15].

Flexibility andperformancecontinuedto increasewith new machinesrom researclprojects
andindustry The introductionof FPGA-basedomputing[43, 12] led to their useas sequence
analysisengineq12, 5, 42, 24]. More generalkcustomVLSI solutionsalsoappeared41], andthe
MasRar mini-supercomputefi31] becamea commontool for bioinformaticsresearchThe UCSC
Kestrelarchitecturesoughtto build uponthesedesignswhile alsopreservinghe B-SYS systems$
simpleandef cient SIMD programmingmodelandhigh computationatiensity Theresultwasa
movementfrom the application-specializeB-SYS machineto the application-unspeci Kestrel
machine ableto solve a far broaderselectionof problemsthanbiological sequenceanalysis[16,
17,14,33,8, 7].

Thefollowing sectionglescribeghearchitecturahndprogrammindeatureghatleadto Kestrels
ef ciency, moving from biological sequenceanalysis,to B-SYS, andthento Kestrel. Many of
the featuresthat madeKestrelsuccessfute ect the valuesof good design: simplicity, regular
ity, andattentionto detail. We concludewith anevaluationof the placeof applicationunspeci ¢
SIMD processingvithin the context of FPGA-based@omputationmulti-cores graphicscards and
application-speci gorocessing.
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Figure 1: Dynamic programmingsequenceomparison,ncluding (a) lling in the matrix and
storingchoices(b) the completematrix andbestpaths,and(c) thethreeoptimalalignments.

2 Biological SequenceéAnalysis

A coreproblemof bioinformaticsis determiningherelationshipbetweermoleculesuchasDNA,
RNA, andproteins.ldeally, the biologistwishesto discover the physicalrelationshipbetweerthe
moleculegdothey fold up the sameway?areimportantresiduesonsered?),but oftenmustrely
onjusttheinformationrelationship.
One of the bestwaysto discover the information relationshipbetweentwo sequences
and is by usingoneof afamily of relateddynamicprogrammingalgorithms
for pairwisesequenceomparison.For two sequenceghe correspondences determinedwith a
three-statenodel. Thecost  of aligning to is calculatedy takingtheminimum
of threealternatves: (1) thetwo charactergorrespondo eachother in which casea matchcostis
addedo ; (2)the characters notpresenin , in which caseadeletioncostis addedo
;or (3)the characteis notpresenin |, in which caseaninsertioncostis added

match/mutate
delete
insert

The completealgorithmconsistsof calculatingall of the  valuesin a two-dimensionably-
namicprogrammingnatrix startingfrom andworkingtoward (Figurela,with aninsertor
deletecostof 1, matchcostof 0, andmutatecostof 2). Eachelements calculatecbasedon three
adjacentells,leadingto thethreedatadependenciesf analignments beingcreatedanindicator
of at leastone of the minimizing choicesshouldbe saved (the linesin Figure 1a). The elements
alongary diagonal,suchasthelast nished onein Figurelamay be calculatedn parallel,since
the datadependencieare only on valuesin the previous two diagonals.Oncethe calculationis
completetheminimizing choicedeadingbackfrom the nal scoreindicateanoptimalalign-
ment(thelinesin Figurelb). In this example,therearethreeoptimal alignmentsall with a cost
of 3 accordingto this distancemeasure Thetop alignmentin Figure 1c hasa deletion,insertion,
andinsertion;the middle hasaninsertion,deletion,andinsertion;andthe bottomhasa mutation
andinsertion.
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Figure2: HiddenMarkov modelandcorrespondinglignmentof threesequences.

In practice, biologists use a more complicatedform called the Smith-Watermanalgorithm
[30, 37], which involvesthreeinterleared recurrenceequationsaswell asgapinitiation andcon-
tinuation costs. The costsare centeredaroundzero, in the examplebelonv with negatve num-
bersshawing probablecorrespondenceBy thresholdingthe calculationwith 0, and nding the
best(mostnegative) scorein the dynamicprogrammingmatrix, the highestscoringsubsequence-
subsequencesgion betweerthe two sequencemaybefound:

cost

For the mostexactingsearchesyioinformaticspractitionersusepro le hiddenMarkov models
(HMMs) [25, 9], which enablecomparisonand alignmentof a single sequencdo a family of
sequences.HMMs also usethreeinterleased recurrencesbut with higher precisionand more
complicatedarithmetic.

cost
cost

cost

A prole HMM (Figure 2) canbe thoughtof asa generatre modelfor a family of alignedse-
guencesEachstateof the HMM corresponds$o a columnof the alignment,andcontainsa prob-
ability distribution over the aminoacidsor nucleotides.Theseprobabilities,aswell asthosefor
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Figure3: Index pointscalculatechteachtime stepof theparalleldynamicprogrammingalgorithm.
Theexamplearray with one x edsequenc@andonemoving sequences shovn attime step4.

insertionsand deletions,can be trainedfrom a setof sequences an iterative processthat in-
cludesrepeatedlyevaluatingthe HMM versionof the dynamicprogrammingcalculation. In the
dynamicprogrammingcalculation,the HMM replacesoneof the sequencesothat, for example,
eachcolumnof thedynamicprogrammingmatrix correspondso onestatein thepro le HMM.

An alternateversionof thisalgorithm,theforwardalgorithm,sumsandmultipliesprobabilities,
ratherthanmaximizingandaddingscores.This algorithmproducessigni cantly betterresultsfor
sequencalignmentdiscriminationandHMM training[25].

These algorithmshave mary mappingsto linear arrays. For programmablenachines,
oneof the bestmappingss to preloadonesequencéor the HMM) into the array andthenmove
thesecondsequencéor databasethroughthe arrayfrom left to right. The dynamicprogramming
matrix is thuscalculatedalongdiagonalswith calculatedat step in PE usingvaluesjust
calculatedn PE andtheadjacenPE (Figure3).

Becauseof the vastsize of genomicandproteindatabasegnary universitiesand companies
have workedto acceleratehe sequenceomparisoralgorithms[16]. P-NAC, the rst application-
speci ¢ solution, placed30 PEson a chip, and implementedthe above equationover a four-
character(DNA or RNA) alphabetwith aninsertor deletecostof 1 [27, 28]. This simplicity
enabledfastdynamicprogramminggcritical for analyzinglarge sequencelatabasedyut the lack
of supportfor Smith-Watermarandotheralgorithmsreducedhe utility for biologists.

3 The Brown SystolicArray

The goal of the Brown Systolic Array (B-SYS) wasto develop a successoro-processoto P-
NAC. Maintainingsimplicity similar to thatof P-NAC wascritical to ensurethatmary PEscould
be placedon a single die, enablinglarge arraysto be createdwith only a handful of chips. It
wasalsoimportantto introduceprogrammabilityinto the system. The family of sequenceom-
parisonalgorithmsis broad,andall or mostof the mary variationscanonly be acceleratean a
programmableénachine.
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Figure6: TheB-SYSchipwith 47 processinglements.



/[ The first opcode (e.g., XorABC) determines the result

/I (stored in LF) based on two inputs (L2, R2) and the carry.

/I The second opcode (e.g., Zsub) determines the operation of the
/I carry chain, as well as the input and output flag registers.

/I F7 is preset to 0O, and F6 is preset to 1. The next iteration

/I of this loop begins by comparing previous costs stored in L4
/I and R4, placing the result in R2 rather than RA4.

/I Compare two previous costs (L2, R2)

XxorABC L2 R2 LF Zsub F7 F1
/I But do the comparison mod 256
fnA LF LF LF Zmsb F1 F1

/I Select the minimum, place in LF
selectABonC L2 R2 LF Zconst F1 F1
/I Add 1, the insertion or deletion cost, to LF

XxorAC LF LF LF Zadda F6 F1

/I Compare the characters in L1 and RO, passing the L1

/I character to the right, feeding a character to the array
fnA L1 RO R1 matchAB F7 F2 load(*s++)

/I If the characters matched, use L4 as the cost,
/I otherwise use LF. Store result in R4
selectABonC L4 LF R4 Zconst F2 F2

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

The naturalchoicefor B-SYS wasa linear systolicarray the mostef cient architecturefor
sequencanalysis.Thelineararraycanbe placedin low pin-countpackagesndis tremendously
scalable. Of course,the costof that scalabilityis ever increasingatenciesfrom one end of the
arrayto the other As the Kestrelprojectwasto demonstratethe lineararrayis far more e xible
asacomputatiorenginethanmight be generallythought.

B-SYSintroducedhe concepbf SystolicSharedRegisters(SSRsFigure4), in which register
banksareshareetweeradjacenPEs.The SSRsenableseamlesgtegrationof computatiorand
communicationasasingleinstructioncanspecifythatvaluesshouldbereadfrom theleft register
bank,computedupon,andwritten to the right registerbank. On a SIMD machine therewill be
no bankcon icts becausevery PE is readingthe sameoperandregistersand writing the same
destinatiorregister Thecostof SSRgs oneinstructionbit peroperancandoneextraregisterbank
perchipto ensureall operandsreon chip.

B-SYS (Figures5 and 6) consistedof 10 customchips, eachwith 47 processingelements
implementedvith 85,000transistorg20]. Eachprocessinglemenhada e xible 8-bit arithmetic-
logic unit (ALU) looselybasedntheOM-1[29], 1 mask ag, 7 general-purpos@&gs, andsixteen
8-bit registers. A 38-bit instructionis broadcastachclock cycle. (The rst designpresentedo
ASAP proposedsystolic,ratherthanbroadcastinstructiong19].) Dueto thelack of anon-board
instructionmemoryandcontrollet thetestsystermonly ranat250kHz ona25MHz host,although
thechipscouldrun 10timesfaster

The SSRsenabledmplementatiorof P-NAC's innerloopin 6 instructiong(6 clock cycles)by,
for example,shifting a charactefrom left to right at the sametime ascomparingit to the stored



character(Figure 7). With a non-programmabl@rchitecture P-NAC implementedhis loop in

two clock phasesOnaprogrammablenachinewithout SSRstwo or moreadditionalinstructions
would be necesaryto explicitly move databetweenprocessingelementgrior to eachinnerloop

calculation. As sequenceanalysisperformancecorrespondglirectly to the length of the inner
loop, this wasa particularlynotableachievement. Evenat 250kHz, the single-board470-PEB-

SYSsystemperformedsequenceomparisorat aboutthe samespeedasthe muchlarger 16 K PE
Thinking MachinesCM-2 [20]. At thetime, somavhatfastersolutionsincludedthe rst FPGA-
basedsequenceomparisonsolution on the Splashmachinewith 32 Xilinx chips[12], andtwo

single-purpos&/LSI systemsn muchlargerchips[36, 4].

B-SYSincludeda uni ed software ervironmentwith both assemblylanguageand a higher
level languagethe New SystolicLanguageg(NSL). NSL useda streamprogrammingmodelfor
systolicalgorithmsjoining thel/O characteristicef astreamsuchasasequenceyith theparallel
streamvariables. The languageoverloadedC++ operatorsfor parallel computation,performed
rudimentarycodeoptimization,andmanagedle 1/0 betweerthehostandarrayor simulator[15].

TheB-SYSexperienceprovidedseverallessons:

Designthefull systemnotjustthe chips. Theinstructionanddatabottleneckdbetweerthe
hostmachinecostafactorof 10in performance.

Know your algorithms.B-SYSwasdesignedor DNA sequenceomparisorwith its four-
charactemlphabet.Proteinsequenceomparisonnvolvesa 20-charactealphabetandre-
quireslookuptablesin eachPE. AlthoughB-SYS' programmabilityenabledhe clustering
of PEsto implementproteinanalysis,the clusteringhad considerableverhead retarding
performance.

Build application-specializegrocessorsatherthanapplication-speci c.In additionto one
dozensequenceomparisorvariations(with innerloopsof 6 to 54 instructions) B-SYSwas
alsoquickly programmedor classicalgorithmssuchassortingandHorner's method,and
otherproblemsaswell.

Usesimplearchitectureso enabledensemplementationsThegreatadvantageof the SIMD
architecturas the lack of local instructionsequencingr decoding.With commonregister
addressing@ndALU control,instructionscanbelatchedanddecodeddnceperphysicalrow
of PEswithin thechip.

Includemorememoryper processingelement A recurringthemeof rst-generationsystem
design. The SSRswerejust 40% of B-SYS PE area,with the ALU, ags, and (minimal)
local control usingthe rest. This is aninefcient ratio whengroupingis usedto expand
memoryperlogical PE.

4 The UCSC Kestrel Parallel Processor

Kestrelgrew from three converging experiences:B-SYS, the growing bioinformaticsefforts at
the University of CaliforniaSantaCruz (UCSC),andexperiencewith a Maskar parallelcomputer
[14,7, 16].
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In the 1990s,UCSC pioneeredhe useof HMMs for sequenceanalysis[25]. Thetechnique
is now standardhroughoutbioinformatics,andis a core componenof multiple alignmentand
proteinstructurepredictionalgorithms[23]. While scoringagainsia databasef HMMs is similar
to performingSmith-Waterman(thoughslower dueto the morecomplicatedalgorithm),creating
anHMM is atime-consumingterative processaddinganotherfactorof 50to 100[39]. For these
reasonswe implementedhe HMM algorithmson a MasRar parallelcompute18].

TheMasRar MP-2wasa 32-bit SIMD machinewith localmemoryaddressinga meshconnec-
tion, andaglobalrouter[31]. Instructionsveremicrocodedwith basicoperationgequiring4—40,
or more,cycles. Thesystemincluded32 PEsperchip,and1K PEsper(large)board,in con gura-
tionsupto 16K PEs.While the MasRar workedwell asa somevhatspecializedsupercomputert
wasmuchlargerandmorecomplicatedhannecessarandin somewaysinef cient, for thefamily
of sequencanalysisalgorithms.

Kestrelgrew out of a desireto supportbioinformaticsalgorithmsimpossibleon B-SY'S (with
its lack of local memory)andmoreef ciently thanthe MasRar.

Kestrel(Figures8, 9, and10) maintainghelinearSystolicSharedRegister(SSR)architecture
andthe 8-bit word of B-SYS. We determinedhat 8 bits continuedto be an appropriatemix of

e xibility for performing8, 16,24,and32-bitsequencanalysigproblemsandbitwiseparallelism.

Conditionalprocessings a primary limitation of the SIMD architecture.Becausehe same
instructionis broadcasto all processinglements;if. ..else” clausegequireprocessinglement
masking.Many SIMD machinefMPR B-SYS,CM-1, Mashar, Kestrel)have 1-bit mask ag reg-
istersto indicatewhetheror not the PE shouldexecuteconditionalinstructions. While an “else”
may be performedn oneinstruction(negatingthe ag), othercommonoperationdor conditional
execution,especiallynestedconditionals requiresstoragein PE memoryandadditionalinstruc-
tions.

Oneof the mostinnovative aspectof Kestrelis eachPE's eight-bitconditionstack. The con-
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Function Use

Clear Eraseall conditions activateall PEs.
Push Beginanif clauseaddinga conditionto the stack.
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
becausits areassertedow in thebit shifter

ORTOS Evaluatethesecondoartof anif (X & Y) clause.

ComplemenTOS Invertthe currentconditionfor anelse clause.

Pop Completea condition,restoringa previous state.

PopandComplemenTOS Remawe onelayer of nestingandstartan else clause,asin if
X) if (Y) else .

ReplacerOS Completeoneconditionandstartanotherat the samenestinglevel,
asinif (X) if (Y) .

Store Save currentstate.Freebit shifterfor othertasks.Canbeusedwith
Load,Clear andSetto processnorethan8 nestecconditions.

Load Restorea previous state.

Tablel: Conditionstackfunctionsassociatedavith processinghestedconditionalg6].

dition stackis an 8-bit hardware stackthatalsosupportsparallelreadsandwrites. The condition
stackperformsthe basicbit operationsiecessaryor conditionalprocessingn parallelwith other
PE operationsrequiringzeroadditionalinstructions.Beyond pushing popping,andcomplement-
ing bits, it cancombineconditionswith logical operationsand performsuchoperationsas "pop
and compliment’,usedwhenexiting a nestedif' into an "else’ clause(Table 1). The condition
stackgives Kestrelthe mostrapid PE activity switchingof, to our knowledge,arny SIMD array
everdesigned.

In additionto the conditionstack,Kestreladdsseveraldistinctive featuredo the B-SYSlinear
architecturewith sharedsystolicregisters(Figure8):

Multiplier. Multiplication wasrequiredfor implementatiorof the HMM algorithms. The
multiplier was key to making Kestrela general-purpossystolic array and its multiply-
accumulate-accumulatgerationrmorethandoubledthe speeddf 32-bit multiplies.

Localmemory In additionto thenow 32 SSRseachPE has256 bytesof locally-addressed
memory The local addressings critical for proteinand HMM sequenceanalysis,and of
coursehasmary otheruses.

ALU/Comparator Gearedtoward the sequencenalysisapplications Kestrelincludesan
integratedALU and comparatqgrableto perform single-g/cle addition and minimization.
ThisfeaturemotivatedK estrelsthree-operandesign.While importantfor Smith-Waterman
performancethis featureis notarequirementor general-purpossystoliccomputing.

Multiprecisionoperation.Specialcarewastakenin the ALU, comparatgrandmultiplier to
ensureef cient multi-byte operation.
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Insert  <-- max (Insert+continue,MGC) ;7 Add the gap cost to the Match cost for

add R$Inslo, R$Inslo, $CONTL ;; Delete and Insert calculations
smaxc add mp R$Inshi, R$Inshi, $CONTH, R$MGChi add R$MGClo, L$TMPlo, $GAP_LO
smaxc cmp R$Inslo, R$Inslo, R$MGClo add R$MGChi, L$TMPhi, $GAP_HI

Delete <-- max (Delete+continue,MGC) ;7 Store the best score so
add R$Dello, L$Dello, $CONTL smaxc L$score_hi, L$score_hi, L$TMPhi
smaxc add mp R$Delhi, L$Delhi, $CONTH, R$MGChi smaxc cmp L$score_lo, L$score_lo, L$TMPIlo
smaxc cmp R$Dello, R$Dello, R$MGClo

MDI <-- max (Match, Insert, Delete)

Shift  the sliding sequence; ;; for future  Match calculation.

read a new value from the queue; ;7 Branch to start of nested loop

Lookup the character cost in SRAM smaxc R$MDIhi, L$TMPhi, R$Inshi
move R$Seq, L$Seq, qtoarr, read(L$Seq) smaxc cmp R$MDIlo, L$TMPlo, R$Inslo

smaxc R$MDIhi, R$MDIhi, R$Delhi

Match <-- max(MDI+charcost,0) smaxc cmp R$MDIllo, R$MDllo, R$Dello, endLoop

Zero-threshold for local scoring

of Smith & Waterman ;7 mp = multiprecision ALU op
add L$TMPlo, L$MDllo, mdr ;» cmp = topdown multiprecision comparator  op
smaxc add mp L$TMPhi, L$MDIhi, smdr, #0 ;7 smdr = sign extension of the 1-byte MDR
smaxc cmp L$TMPlo, L$TMPlo, #0 ;7 smaxc= signed maximum with operand C

Figurell: Coreassemblycodefor 16-bit KestrelSmith-Waterman.

ThesystemarchitecturgFigurel0)includesanarraycontrollerimplementedna eld-programmable
gatearray (FPGA), on-boardinstructionmemory datainput and outputqueuesa PCI businter
facechip, andclock circuitry (not showvn). Every 96-bit Kestrelinstructionincludes54 bits of
instructionfor the KestrelPEs,and42 bits for thearraycontrollet

In a parallelprocessarit is critical to keepthe PE array busy performingusefulcalculations.
Kestrelachievedthis goalat severallevels. The orthogonainstructionsetenablesvery broadcast
instructionto accesshe memorywith indirectaddressingmnodify the conditionstack,performan
ALU/Comparatoror Multiplier operation,and,via the SSRs,move datathroughthe array The
single-clockexecutionof aninstructionis well-balancedo the broadcastime of the instruction
anddecodedegisteraddressesit the sametime, the Kestrelcontrollermaybe passingdataback
andforth to thearray evaluatingloop conditionsbasedn a counteror wired-or, or branching.

Thesemary levelsof parallelismenablethe core Smith-Watermarfunctionon 16-bitnumbers
to be performedn only 18 instructionsor 18 clock cycles(Figure11). Again, ampleuseis made
of the zero-instructiorcommunicatiorprovided by the Systolic SharedRegisters. Comparedo
a 500MHz UltraSparc-Il,Kestrelachiezed speedup®f 100 for Smith-Waterman 44 for Viterbi
(add/min)HMM scoring,and8 for Forward (mult/add)HMM scoring[7].

Kestrelalsodoesvery well againstgeneral-purposespecial-purposeand FPGA processors.
It is dif cult to comparemachinesacrosstechnologiesand budgets. Newer technologiesoast
higher clock speedsandlarger budgetsleadto larger chipsand systems.One way of compar
ing sequenceanalysisperformancds in termsof performanceper transistor[7]. Although this
doesnotcorrectfor clock speedncreasebetweenCMOS generationst doescorrectfor scaling.
Kestrels 19970.5 m chipsat 20MHz, half their achiezable speedare 360 timesmore ef cient
on protein sequenceanalysisthanthe 6-yearearlier MaskRar MP-2 (1992,1.0 m at 12.5MHz).
Kestrels 20MHz ef ciency is alsobetterthan3 machinedrom the next two CMOS generations.
Thesancludeaverylargegeneral-purpos€LSI processo(Fuzion150,2000,0.25 m,200MHz
[35]), a commercialFPGA sequencanalysismachine(DeCyphey 2001,0.18 m? [42]), anda
commerciakequencanalysisASIC (GeneMatcher22001,0.13 m? 192MHz, [32]) [7].

TheKestrelprojectprovidedsererallessonssomeof which echothoselearnedwith theearlier
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system:

Spendas muchtime designingthe full systemasthe chips. The Kestrell controller now
on boardwith theinstructionmemory wasquickly prototypedasa single-g/cle sequencer
Unfortunately we did not originally designa pipelinedboardand controller which would
have enabledhe Kestrelchipsto functionat 40 MHz, twice asfastasthe Kestrell system.

Createnew algorithms. One of the mostamazingaspectf the Kestrelprojecthasbeen
the variety of algorithms,mary not obviously parallelizableon a linear array While high
Kestrelperformancevasexpectedon sequencanalysis Kestrels successfuapplicationto
graphproblems,asynchronouslgorithms, oating-point arithmetic,machinelearning,and
conformationanalysisvasa surprise.

Compilersareimportantbut hardto do well. For severalyears,we workedto createa full-
edged compilerfor Kestrel. The limited local memory reducingthe ability to spill and
retrieve registers,madethe implementationdif cult. Although ableto generatecode,we
never usedit to programthearray

Includemorememory A recurringthemeof second-generatiosystemdesignaswell. In
Kestrels casetheprimarymemoryissuesarethe needfor on-boardnemoryanda potential
increasan thelocal memory Unlike B-SYS, however, conditionalexecutionandprocessor
groupingis sufciently efcient sothatthisis notamajorproblem.

5 Application-Unspeci ¢ Processing

The mostimportantfeatureof Kestrelis its e xibility. We have programmedKestrelfor com-
putationalchemistry protein conformationanalysis,neuralnetworks, oating-point arithmetic,
high-speedlivision,andavariety of imageprocessinglgorithms[7, 33].

The computationathemistryapplicationis particularlyinterestingfor its useof PE grouping.
In this problem Kestrelanalyzesll possibleconformation®f a smallmoleculeto createa 14 kbit
geometricngerprint [33]. Each ngerprint bit indicateshe presencer absencef a particularset
of threeatomtypesforming atrianglewith speci ¢ lengthrangesdetweerthe atoms.The parallel
algorithmincludedoadingconformationsnto thearray computingpairwisedistancesvithin each
conformationandusingsetsof threepairwisedistancesandthreeatomtypesto determinewhich
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Initial Frame — Convolved Frame —% Measurements — Tracking

Time / frame Frames/s Speedup
MATLAB 53 s (60% conv.) 0.02 1.0
C 0.96 s (92% conv.) 1.04 55.2
C + Kestrel 0.72 s (90% conv.) 1.38 73.6
C + Kestrel-2 87 ms (19% conv.) 11.50 609

Figure 13: Four stepsin our cell-trackingprogram(shovn on a small portion of the actualim-
age)anda summaryof the performancewvith the parallelfraction of the computationwhich also
includesthe bi-linearinterpolation.

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

In the Kestrelmapping,blocksof threePEsareusedto processeachconformation.For every
eightblocks,we allocatedanadditionaleight PEsfor storinglocal copiesof thedeveloping nger-
print (the8 PEshave atotal of 16 kbit of localmemory) sothatvaluescouldbeaccumulatedvithin
the arraycloseto their calculationratherthanbeingshiftedout of the arrayafter eachcompleted
calculation. Similarly, becausef the lack of datamemoryon the Kestrelboard,anotherl96 of
the512 PEswereusedasauxiliary memory storingatomtype andconformationdataasgroupsof
conformationsareprocessedFigure12). This applicationhighlightsthatsmallandsimple SIMD
PEscanbe effectively groupedo tacklelarge problems.

Most recently we createda Kestrelapplicationfor the objectrecognitionandtrackingof red
blood cellsin microscopamages(Figure 13) [22]. The applicationalsoenhanceshe videores-
olutionto be ableto accuratelymeasurahe cells' parametersieededor the experiment— area,
perimeter and sphericity Finally, the goal wasto monitor eachcell's parameterover time to
studythecells' reactvity. Thiswasdoneby trackingall cellsacrosdramesin avideostream.Our
implementatiorhasa C front-endinterfacingwith Kestrelfor the mostdata-intensie processing.
Theseinclude a bi-linear interpolationto increasehe resolutionof the image,and subsequently
performsa bi-dimensionatonvolution usinga cell imageasthe kernel. Both theseoperationsare
computationally-anddata-intensie,aswell asembarrassinglparallel,andmapef ciently onour
architecturewhile on a standardCPUthey stresghe cacheperformance.

Our speedupover the original Matlab-basedmplementationbroughtprocessingime down
from severalhoursto a few tensof seconddgor atypical video,aswasexpected.However, it was
still far from real-timeprocessingWe have shavn thatwith our next processoboardgeneration
with twice asmary of the original 64-PEchipsanda pipelinedcontrollerenablinga doublingof
clock speedKestrel2 (Figure14), the speedupvould enablealmost-real-timgrocessing22].

14



Figurel4: TheKestrel2 board.

We also developeda paradigmof phasedprogrammingfor implementingasynchronousl-
gorithmson SIMD arrays[8]. This programmingmodel,the SIMD PhaseProgrammingModel
(SPPM),providesa clearmethodologyto implementasynchronousyregular problemson SIMD
architecturesextendingthe corventionalapplicationrangeof the architecture.SPPMis suitable
for assembleor compilersupport,thoughin the latter case,on Kestrel,would run into the same
registerallocationissuesliscusse@bove. This methodstartsfrom a sequentiaimplementatiorof
thealgorithmto parallelizeandhas ve steps:

1. Problempartitioninganddata ow de nition, whichincludesall four stepsof Fostersdesign
methodologyPartitioning, communicationagglomerationandmapping[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’felse)andunconditionajumps(goto).

3. Single-PEsequentiaprogram, in which the programis mappedo the speci c parallelar
chitecture usingoneof the PEsasa serialprocessar

4. Phaseidenti cation and codeparallelization, in which the codeis partitionedinto phases
thatwill be atomic groupsof instructionsexecutedby PEsin the active setonly. Phases
themselesaredesignedn suchaway thatthey automaticallyde ne the properactive set.

5. Optimization to reducethe parallelismoverheadoy maximizingthe active fraction by dy-
namicallyadjustingthe schedulen which the phasesrebroadcast.

Figurel5illustratesthe processn step4, wherephasesreidenti ed in the o w-chartre ect-
ing thealgorithmproducedat step3, andthe codeis instrumentedo handleparallelexecution.

In casestudiesimplementedwith this programmingmodel, we have found that the PE ef -
cieng/ remainsfairly high (above 40 or 50%) evenfor hundredor thousand®f PEs. Of course,
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START

if (PE_phase == 1)
do (OP A)

if (C1) PE_phase :=2
else PE_phase:=3

PHASE 1

A PHASE 23

if (C2) PE_phase := 4
K opc else PE_phase:=1
if (PE_phase == 3)

do (OP B)

PE_phase :=1

PHASE 3

EXECUTION FLOW

OPD|

PHASE 3} | | PHASE4 _
L k if (PE_phase == 4)
do (OP D)

if (C3) END Program
else PE_phase =1

PHASE 4

if (PE_phase == 2)
do (OGP C) % PHASE 2

7

Figurel5: Froma generic o w-chart(left) to the SIMD-parallelizedcodeaccordingto the SIMD
PhaseProgrammingModel

thisef ciency is stronglydependentnthenatureof theproblemandontheactualimplementation.
Overall, our programmingnodelandresultsreinforcethatthe SIMD lineararrayis apowerful and
ef cient coprocessowith awide rangeof applications.

6 The Third Big Chip

Currently mostcomputersare built aroundtwo major computationacenters:The CPU andthe
GraphicsProcessingJnit, GPU. The CPUis responsibldor all computationgxceptthoserelated
to image-generationyhich are performedby the GPU. If oneconsiderghe spaceof all possible
applications,magegenerationis a narrov niche. However, the computationaintensity of this
particularapplicationandits popularity suchasin videogameshasjusti ed theextracomponent.

Contraryto intuition, the spaceof popularapplicationsexpandswith theincreasecomputing
power available, ratherthansaturating. Thereforetoday we seeanincreasecheedfor computa-
tional powerto enablenew andemeging applications As anexample thenew videocompression
standard$ViPEG-4.10(alsoknown asH.264) or Microsoft's VC-1 requirecomputationapower
thatcannotbefoundin any ordinaryPC or workstationto producehigh-de nition compressiotin
realtime [34, 26]. However, thereis a growing demandor this functionality in differentspaces,
from video-over-IP to high-de nition video conferencing.

Of course boththe CPU andthe GPU keepimproving their performanceat an amazingrate,
andin the caseof the GPU, alsothe e xibility and programmability An approachgenerically
called“GPGPU"for General-Purpos@ PUstudieshow to usetheimpressve computationapower
of the GPU to solve generalproblems. This approachpnceonly the hobbyof a few specialized
haclers,hasbeennding moreandmoreinterestandsupportwith the GPUmanuhcturers Specif-
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SIMD MassiveCore

CPU GPU
serial and streaming
multi-threaded parallel
applications applications

Figurel6: Applicationdomainsof thethreebig chips

ically, nVidia hasbeenveryactivein this eld, andhasrecentlyreleasedhemost e xible graphics
architectureao date,the G80,togethemwith a GPU-speci cprogrammindanguageCUDA [40].

Even with this added e xibility, it appearghat the combinationof CPU and GPU doesnot
ef ciently cover the spaceof new massvely-parallelapplications. The GPU focuson oating-
point-intensve streamingapplicationscanleadto inef ciencies and unrealizedperformanceor
integerapplicationsjn particulardatabasenddatamanagemenbperations.This is why several
companiesrenow exploring architecturakolutionsmostsuitableto becomethe so-called‘third
big chip”, to ef ciently complementhe currenttwo (Fig. 16).

We believe that the massve-coreSIMD architecturds the optimal candidatefor the job. Its
architecturas completelydifferentfrom thatof the CPUandof the GPU,andthereforeits perfor
mancepeaksat completelydifferentcoordinatesn the applicationspace.The SIMD architecture
hasa minimal amountof control, makingit power-optimalin the bestcase,which reduceshe
electricalcostpercomputatiorwhencomparedvith othersolutionsevenat the sameperformance
level. Also, managingthe designcompleity of the linear SIMD architecturds straightforvard,
andthis architecturas alsothe simplestto scaleat the softwarelevel.

We arecurrentlydesigninga next generatiorof our architecturecalledthe Pelikanprocessar
In this architectureywe combinethe ef cient designof RISC CPUswith the bestfeaturesof linear
SIMD arraysbasedon our experiencewith Kestrel. We expectthe resultto be an outstanding
machinewith exceptionalperformanceverall, aswell aspersquarenm andperWatt.

7 Conclusions

Are programmablesystolicarraysa technologythat hascomeandgone?At the time of B-SYS,
software-programmabliegic wasjust startingto becomeviablefor computing.B-SYSprovideda
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muchmorereadilyprogrammablernvironment,anda muchhigherdensityof computation At that
time arevolutionin computingmachinesvashappeningthe availability of high-scalantegration
that enabledsystolic arrayswas making possibletheir extensionto more e xible architectures.
The meging of SIMD parallelarchitecturewith the systolicstructuresesultedin machinedike
Kestrel.

Not exactlyaspower- andarea-eftient assystolicarraysor ASICs,SIMD processorgvereand
still are e xible enoughto cover a range of applications.While the optimal mappingof general
problemson SIMD is still unsolhed, we have seenthatit is not dif cult to map highly parallel
problemsn awaythatmakesthesearchitecturesompetitve. With asinglecontrolunit, almostall
the power andareaareusedfor datapatrandmemory In this sensethey aretherefore‘optimal”.
For problemsin which the computationo w is data-independerdr with small data-dependent
conditionalbranchesthesearchitecturesare ordersof magnitudefasterand more ef cient than
multi-core or multi-CPU systems.Even whencomparedwith an emepging parallelcoprocessor
thevideo cardusedfor general-purposprocessingGPGPU)[13], SIMD machinesstill comeup
winnersin mary cases.The graphicspipeline producesa tremendousmountof horsepaver, but
it is muchless e xible thana fully-programmableSIMD parallelprocessarMoreover, asof now,
the programmehasvery little controloverthe actualdegreeof parallelismin avideocard.

Hardware-programmablegic devices(FPGAs)areinterestingn thatonesupposedlyachieres
ASIC-like performancewith CPU-like programmability However, FPGAsrequire knowledge
of hardware design,andof FPGA-speci cdesigntechniquedo achiere performance.And even
with state-of-the-arEPGA-acceleratedomputerg38], supportedoy expertFPGA designersand
expertsupercomputingpplicationglevelopersyreal FPGA-basedystemsn practiceonly achiere
modestspeedupskor example,onerecentdesignreportsachieszing a speedupf threecompared
to microprocessoruntime on a high-performancevorkstationpoweredby an add-onprocessor
with two FPGAsfor abiomolecularsimulation[1]. Othercritical factorsincludepower ef ciency
and silicon efciency. Roughly speaking,for the sameapplication,an FPGAs computational
power anddensityis aboutoneorderof magnituddower thanthatof anequvalentASIC [7], and,
dueto the larger numberof transistorgper computationandinterconnectioroverheadthe power
consumptiorcanbe anorderof magnitudenhigher

Finally, the industrytrendtoward multicorescon rm, in away, that SIMD processorfiave a
placein the computationalandscapeln fact,the symmetricmulticorearchitecturenasshovn the
samelimitations of networks of workstationsandin generalMultiple Instruction-Multiple Data
(MIMD) systemsln mosthigh-performancapplicationsMIMD systemsunin SingleProgram-
Multiple Data(SPMD) mode,with eachprocessorunningthe sameprogram,wastinga consid-
erableamountof power to replicatethe commoncontrol o w. While the advantageof having a
homogeneouarchitectures still considerableseveralcompanie@areexperimentingwith anevo-
lution of this simplemulti-corearchitecture— theasymmetrienulticorearchitecture Perhapshe
mostfamousexampletodayis the IBM Cell [21], which combinesa powerful, complex PoverPC
corewith 8 simplerandmoreefcient Synegistic Processindglements.Anotherexampleis the
architecturdoy CradleTechnologythatcombinegswo blocks,eachwith four general-purpospro-
cessorandeightDSPs.Theideais clearlyto exploit thegoodserialperformancef few comple
cores,andthe high parallelperformanceof several simple cores[3]. Taking this approachto its
limit generatesvhatwe seeasthenext computationamodel:a CPU (andpossiblya GPU)with a
fully-programmablemassve-coreSIMD coprocessor
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Theexperiencewith Kestrelshovs thetremendou®f ciency of suchamodel.
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