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Abstract

for highly complec applications. The ability to stream
dataat high speeddrom memoryto an FPGA with in-

The Apriori algorithmis a fundamentatorrelation-based tegratedcontrol andbitstreamloading provided by a mi-

datamining kernelusedin avarietyof elds. Theinnova-
tion in this paperis a highly parallelcustomarchitecture
implementedbn a recon gurablecomputingsystem.Us-
ing this“bitmappedCAM,” thetime andarearequiredfor
executingthe subsebperationfundamentato datamin-
ing canbesigni cantly reduced.

The bitmappedCAM architectureimplementationon
an FPGA-acceleratetigh performancevorkstationpro-
videsa performanceacceleratiorof ordersof magnitude
over software-basedystems. The bitmappedCAM uti-
lizes redundang within the candidatedatato ef ciently
storeandprocessnary subsebperationsimultaneously
The ef ciency of this operationallows 140 units to pro-
cessabout2,240subsebperationsimultaneously

Using industry-standardenchmarkingdatabasesywe
have testedhe bitmappedCAM architectureonthe SRC-
6E recon gurablehardware system. The platform pro-
vides a minimum of 24x (and often much higher) time
performanceadvantageover the fastestsoftware Apriori
implementations.

1

Recentadwancesn stateof thearthigh performanceom-
puting machineg[8, 12] with large memoriesand large
FPGAdeviceshave causeda seismicshift in the way re-
con gurablehardwareis used.In thesemachinestheno-
tion of an FPGA is not an afterthought. Thesemachines
arenotacardor anadd-ondevice thatattemptdo provide
acceptableperformanceand usability, rather they area
tightly integratedsystem.

The developmentof FPGA-integgratedmachineswith
large,fastSRAM banksandhigh bandwidthinterconnect
hassetthe stagefor ordersof magnitudenhigheref ciency
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croprocessohas made systemssuch as the SRC MAP
processoarrchitecturg12] or the Cray XD-1 system[8]
potentiallyvery valuable.

Recentadwvancesn storageanddatasensinghave revo-
lutionizedour technologicakapabilityfor collectingand
storingdata. Sener logs for popularwebsitescustomer
transactiondata, credit card purchasesgustomeroyalty
cards,etc. produceterabytef datain the spanof a day.
While it is usefulasa historicalrecord effective process-
ing for patternsandtrendscanmale it pro table. There
arevariousformsof datamining. Muchis for commercial
purposeshut otherwork includingclusteringfor bioinfor-
matics[11] andcorrelationmining for evolutionarytraits
[4]. Correlation-basedatamining is the eld of algo-
rithmsto procesghis datainto moreusefulforms,in par
ticular, connectionbetweersetsof items. The Apriori al-
gorithm[2] is apopularapproacHor progressiely group-
ing togetherfrequentitemsetsin large databasegivena
particularcutoff of occurrencdrequeng.

Software implementationsof the Apriori algorithm
[6, 7, 10Q] utilize varioustreestructureshashingmethods,
or approachesuchasverticalmining [15] that radically
changealatastructureso handlethesupportandcandidate
generatioroperations.

This paperdemonstrateanef cient structurefor com-
puting the supportof a setof candidates.The effective-
nessof thearchitecturdnasbeenshovn ontheSRCFPGA
machine proving that the integrationof FPGA accelera-
tion and software control allows for signi cant advances
in the designof datamining systems. While the archi-
tectureis implementedon an SRC machineotherrecon-
gurable computingsystemssuchasthe Cray XD-1 [8]
or a customASIC-basedlesignwould also provide high
performancevith few architecturathanges.

In various performancestudies,it was notedthat the

behaior of the Apriori algorithmhascertaincharacteris-
tics that allow for redundang betweencandidatedo be



extractedfor usein hardware.In generalwhile theremay
be hundredsof thousandsof candidateprocessedn a
generationthe differencebetweenary two adjacentan-
didatesis fairly low. Thatis, the edit distancebetween
candidatesetswill be low. Throughthe combinationof
Content-Addressablglemories(CAM) implementedon
FPGA and small internal memories the performanceof
thealgorithmin hardwarecanbeimproved. Theresultsof
testson variouscorrelation-miningoenchmarldatabases
shav that the bitmappedCAM approachis highly ef -
cientin both time and areacomparedo otherhardware
approaches.

In the following sectionsthe relatedwork in the eld
will beintroducedandsomebackgroundnFPGAarchi-
tectureandthe Apriori algorithmitself will be provided.
A detaileddescriptionof theapproacHollows, aswell as
the rationalebehindthe approach.Finally, implementa-
tion detailsandresultsfor the completeSRCsystenmwill
bepresented.

2 Background on Recon gurable
Computing Systems

FieldProgrammabl&ateArrays(FPGA)provideafabric
uponwhich applicationscanbe built. FPGAs,in partic-
ular, StaticRandom-AccesMemory (SRAM) based~P-
GAs from Xilinx [14] or Altera [3] arebasedon a look-
uptables, ip- ops, andmultiplexers.In thesedevices,a
SRAM banksenesasa con guration memorythat con-
trols all of the functionality of the device, from thelogic
implementedto the signaling standardsf the IO pins.
The valuesin the look-uptablescanproduceany combi-
nationallogic functionality necessarythe ip- ops pro-
vide integratedstateelementsandthe SRAM-controlled
routing direct logic valuesinto the appropriatepathsto
producethe desiredarchitecture The device is composed
of extensive programmableouting and mary thousands
of basiclogic cells thatincludethe basiclogic elements.
Dependingon on the device variety, FPGAscaninclude
fastApplicationSpeci c IntegratedCircuit (ASIC) multi-
pliers, ethernetcontrollers,local RAMs, andclock man-
agers. FPGAsstartedout as prototypingdevices, allow-
ing for corvenientdevelopmentof glue-logic-typeappli-
cationsfor connectingASIC componentswithout high
VLSI designcostsor large numbersof discretestandard
logic gates. As the gate density of FGFA devices in-
crease@ndapplicationspeci c ASIC blockswereadded,
the applicationsshiftedfrom gluelogic to a wide variety
of solutionsfor signalprocessingandnetwork problems.
The deviceshave beendeplgyedin the eld asthe nal,
but still e xible, solution. BecauseSRAM-basedlevices
are controlledby the stateof the memorybits, the func-

tionality canbe changedby changingthe memorystate.
This canbe useful,aslogic canbe customizedor a par
ticular setof input data.

L

Figurel: A generaplatformmodelis targeted composed
of a microprocessebasedhostconnectedvia fastinter
connectwith FPGAfabricandseveralbanksof SRAM

FPGAdevicesprovideasurprisinglypowerful andcon-
venientplatform for implementingapplicationaccelera-
tors. For somekerneldomains suchasdatamining, FP-
GAs provide mary of theadvantage®f ASIC design,in-
cluding potentialfor parallelism,very efcient bit-level
operationsand high bandwidth. Unlike ASICs, though,
recon gurablehardware can be reprogrammedo suit a
speci c setof input dataor operatingsituations allowing
the e xibility of softwarewith the power of x ed hard-
ware.

The trend for acceleratinggeneralcomputationis a
genericplatformshavn in Figurel. By providing awork-
stationwith anFPGAacceleratocombinedwith banksof
fastmemory machinedik e the SRCMAPSstation[12] or
the Cray XD-1 system[8] canprovide signi cant perfor
manceincreasedor scienti c anddata-intensie comput-
ing. The SRC systemusesa recon gurabledevice inte-
gratedinto the DIMM memoryslots,allowing the FPGA
to take advantageof the high memorybandwidthaswell
astransparentlypehare asamemory

2.1 Hardware Architecture
2.1.1 SRCMAPstation

In the SRC MAPstation, one Intel microprocessoruns
onalinux operatingsystemandtherecon gurablelogic
resourcds referredto asa MAP processar EachMAP
processoconsistsof two Xilinx FPGAsandone FPGA-
basedcontroller Each FPGA hasaccessto six banks
of on-board(SRAM) memory Throughthe FPGA con-
troller, the microprocessorandthe FPGAscommunicate
andsharetheir memory The hardwarearchitectureof a
MAP processois shavn in Figure2 [12]. SRCusesits
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Figure2: HardwareArchitectureof SRCMAP Processor

own compilationsystem,Carte,to provide a uni ed ap-
plicationdevelopmenternvironment[12].

3 Related Work in Hardware Data
Mining

As far aswe know, the Apriori algorithm hasnot been
studiedin ary signi cant way for ef cient hardwareim-
plementatiorby otherresearchersCurrently our initial
paper([5]) onasystolicarrayarchitecturdor datamining
is the only recentwork in this area. However, research
in hardwareimplementation®f relateddatamining algo-
rithmshasbeenpublished?9, 13, 16].

In [9] and[13] thek-meansclusteringalgorithmis im-
plementedasanexampleof a specialrecon gurablefab-
ric in theform of a cellulararrayconnectedo a hostpro-
cessorK -mean<lusteringis a datamining strateyy that
groupstogetherelementsbasedon a distancemeasure.
The distancecan be an actualmeasureof Euclideandis-
tanceor canbe mappedrom someotherdatatype. Each
itemin asetis randomlyassignedo acluster andthecen-
tersof eachgroupare computed.The elementsarethen
iteratively moved betweenclustersto move them closer
to the centerof a group. This is relatedto the Apriori
algorithmasbotharedependentn ef cient setadditions
andcomputationperformedonall element®of thosesets.
However, k-meansaddsthedistancecomputatiorandsig-
ni cantly changesiow the setsarebuilt up.

In [16] a systemis implementedvhich attemptgo me-
diate the high cost of datatransfersfor large datasets.

Commondatabasesan easily extend beyond the capac-
ity of thephysicalmemory andslow tertiarystoragee.g.,
harddrives,arebroughtinto thedatapathThe paperpro-
posegheintegrationof a simplecomputationaktructure
for datamining onto the harddrive controlleritself. The
datamining proposedby the paperis not Apriori, but
ratherthe problemof exact andinexact string matching,
a muchmorecomputationallyregular problemcompared
totheApriori algorithm.However, thework is useful,and
will becomamoresoasFPGAperformancecaleup and
signi cantly exceedsthe datasupply capabilitiesof hier-
archicalmemorysystems.

In [5], we developeda systolic array architecturefor
datamining that allows the time requiredfor all phases
of the apriori algorithmto be signi cantly reduced.The
array architectureprovides a performancemprovement
of ordersof magnitudeover the state-of-the-arsoftware
implementations. The systemis easily scalableand in-
troducesanef cient “systolicinjection” methodfor intel-
ligently reportingunpredictablygeneratednid-arrayre-
sultsto a controller without arny chanceof collision or
excessie stalling. However, the supportoperationstill
requiresan two ordersof magnitudemoretime thanthe
otherstagesWe focuson addressinghe supportproblem
in this paper Thearchitectureve developin this paperis
entirelydistinctfrom thework in [5].

4 Apriori Algorithm

For the bene t of the readerwe presenta brief introduc-
tion to the Apriori algorithmandthe challenge®f imple-
mentingit efciently in hardware. We divide the Apri-
ori [2] algorithminto threesectionsasillustratedin Fig-
ure3. Initial frequentitemsetsarefedinto thesystemand
thethreephase®f candidategenerationcandidaterun-
ing, andcandidatesupportcalculationis executedn turn.
The supportinformationis fed backinto the candidate
generatoandthecycle continueauntil the nal candidate
setis determinedIn the hardwareimplementationmulti-
ple FPGA con gurationsareusedthroughouthevarious
modesof operationto provide the highestpossibleper
formance.In this sectionwe will rst introducesomeof
thedatamining lexicon andthendescribethe operational
phasesn moredetail.

In theliterature,an analogyto a shoppingcartis used.
A basletis thesetof itemspurchaseatonetime, checled
out from thelibrary, or otherwisegroupedtiogetherased
on somecriteria suchastime, customeretc. A frequent
itemis anitemthatoftenoccursin a databaseA frequent
itemset then, is a setof frequentitems that often occur
togetherin the samebaslet. The cutoff of how oftena
setmustoccurto be includedin the candidatesetis the
support



Throughout this paper we will use the following
variables:
m, the numberof itemsin a candidatdist, equalto the
generationnumber ( one item is addedto the list per
generation)
iCm], thenumberof total candidate$n generatiorm,
Ca, the numberof candidateslots available (16 slots per
hardwareblock)(c, maybelessthanjCy, ),
jTj, the numberof individual transactionbasletsin the
database
t; ’kT:’1 jTkj, thetotalnumberof itemsin thedatabase,

A researchecanrequest particularsupportvalueand
nd theitemswhichoccurtogetheiin abasketaminimum
numberof timeswithin the database.This guarantees
minimumcon dencein theresults.

T

Figure3: Processo w of thedatamining system

Candidategeneratioris the processn which onegen-
erationof candidatess built into thenext generationThis
building processs from wherethe Apriori namederives.
Eachnew candidateis built from candidateghat have
beendeterminedapriori (in the previous generation)to
have ahighlevel of support.Thus,they canbecon dently
expandednto new potentialfrequentitemsetsThisis ex-
pressedormally asfollows:

whenm > 1
8cy;c 2 Cpy do
withcy = (ig;:50m 150im)
andc; = (i1; 5 im 150m)
andipm < i,
c=cl c=(1:0n 15imiy)

Candidategeneratiorpairsup ary candidateshat dif-
fer only in their nal elementto generatehe candidate
itemsetgor the next candidategeneration.

new candidatewe will getcandidategrom the previous
generationnamely ¢; andc,. The secondstepveri es
thatif we remove ary single item from the newv candi-
date,we will nd acandidatefrom the previous genera-
tion. This progresste build-up of candidatess the heart
of the Apriori algorithm.

The third phaseof the algorithmis the supportcalcu-
lation. It is by far the mosttime consuminganddatain-
tensve part of the application,as during this phasethe
databasés streamednto the system.Eachpotentialcan-
didate’s support,or the numberof occurrencesver the
databaseet,is determinedby comparingeachcandidate
with eachtransactionin the databaself the setof items
thatform the candidateappeaiin thetransactionthe sup-
port countfor thatcandidatéas incrementedasfollows:

8t2 Tdo
8c2 Cdo
ifc t
support(c)++

The main time performancebottleneckfor the Apri-
ori algorithmis determiningif eachcandidateis a sub-
setof eachtransactionbaslet. Eachcandidatemustbe
comparedhgainseverytransactiorset,ahighly compute-
intensize operation.Thefocusof this paperis on acceler
atingthe supportoperation.

The analysisand resultsare basedon two benchmark
databaseshat are commonly usedfor testing the per
formanceof implementationof the Apriori algorithm.
The T40110D100K (15 MB) and T1014D100k (4 MB)
dataset$l] with varioussupportlevelsaretested.

5 Architectural Approach

In [5] we obsenedthatthe hugeamountof datathatmust
be streamedhroughthe device causeghe supportoper

ationto requiretwo ordersof magnitudemoretime than
ary othersegmentof theApriori algorithm. Thiswork ad-
dressingonly the acceleratiorof the supportcalculation.

The next step of candidate generationguarantees Thearchitectureresentedh this paperis basecbn a sev-

that eachnew candidateis not only formed from two
candidatesfrom the previous generation,but that all
subsetghat canbe createdby removing oneelementare
alsopresenin the previousgenerationasfollows:

whenm > 1
8c2 C,, do
8i2c:c fig2Cnh 1
Theinitial candidateggeneratiomprovesby designthatif
we remove eitherof the lasttwo items(iy , i,,) from the

eralobsenationsaboutthebehaior of thealgorithm.The
mostimportantis thatthe outputof the candidategenera-
tion phaseproducesa seriesof very similar candidates.
For instance A B C andA B D areboth valid candi-
datesaswell asA C D E andA B D E. If we canavoid
replicatingthe storageresourcegor thereplicateddata,a
higherlevel of ef ciency canbe achieved. If eachhard-
wareblock handlesa singlecandidatgasin theearlierar
chitecturg5], thenA C D EandA B D Ewill eachrequire
four uniqueelementsfor a total of 8 memorylocations
acrossthe two blocks. However, if the hardware block



canbe responsiblefor both candidatesthe total number
of uniqueelementss 5.

Thereis oftenaverylittle changebetweertwo succes-
sively generatec¢andidatesn the candidateset. A small
extract from the 7th iteration of candidategeneration
follows:

249
236
249
236
236
249
249
249
236
249
249

316
249
316
249
249
319
482
316
249
482
319

395
395
395
395
316
482
620
482
482
529
482

482
482
482
482
395
620
743
620
620
620
620

743
743
743
743
482
743
787
743
743
743
743

787
787
787
787
743
787
804
787
787
787
787

819
819
804
804
787
819
819
819
819
819
804

Note that the total numberof uniqueelementds very
low. Thisis dueto theregularity of the generatiomproce-
dure.
c=cal = (15im 15imiy)

Ascy(ig;:im 1) =co(iz;im 1) onecanexpectlarge
groupingsof very similar candidates.

Searchindor subsetsn asingleunit (asin [5]) is quite
simple. Eachtransactions an orderedset (like the can-
didatesets),so nding if the candidatds a subsetof the
transactiorbasletis similarto amermgesort. As eachitem
arrives, it is comparedvith the currentitem. If theitems
match thecandidatgointeris incrementedIf theitemin
the candidatenemoryis greaterthanthe incomingitem,
the counteris not incremented.In this way, a very large
transactionbaslet can be streamedhrough, and, if the
counterpointer equalsm by the end of the transaction,
the candidatehasbeendeterminedo be a subsetof the
transactiorbaslet.

Handlingmary candidatesn thesameblockis slightly
more complicated.In the single candidatecase the can-
didatehasa candidatgointerthatkeepgrackof the next
item of interest. Throughthe useof a memoryfor the
candidatatem, only a singlecomparatoiis required. As
comparatorarefairly expensve in termsof hardwarere-
sourcesthisis a goodsolution. However, in the multiple
candidatesituation, mary items can requirecomparison
with theinputin ary cycle. This eithercausestallsin the

lustratesthe architecture.A CAM is a fully associatie,

programmablenemory In a CAM, a userrequestshe
contentof a memoryinsteadof the locationof a partic-
ular element.Thatis, insteadof requestindocation4 of

somememoryandgettingtheoutput35A3,werequesthe
35A3 andthe memoryreturnsthe addresst. Thesesorts
of memoryare commonlyusedin network applications.
We usethe CAM to provide parallelcomparisongor the
unionof theitemspresenin thecandidatesets.

5.1 Bitmapped CAM

In Figure 4, the CAM addresses line from the bitmap
memory A setbit in the bitmap memoryoutputcorre-
spondsto the presenceof an item in the candidateset.
Thus,theverticalline in the RAM correspondsxactly to
theitemsin the candidate.

encoder

CAM array (0 to 31)

Ll

Figure 4: Architecture of the bitmappedCAM block.
Eachof the itemsincludedby the candidate®f interest
hasits own CAM entry, indexing a RAM that speci es
which of thecandidatesheitem appliesto.

The elementsn the CAM SE,., is the setof itemsre-
quiredto completelyspecifythe candidatesetscontained

within block b, asfollows:

b=0

pipelinewhile the variousitemsarecomparedpr causes 8c2 C, do

errorsascandidatepointersareadvancedor stalledincor-
rectly. Thetransactiormusthave all elementf a given
candidatan orderfor the subsepropertyto besatis ed.
The solutionis to utilize a CAM linked with a bitmap
memoryin orderto determinesubsetsatisaction for a
large numberof candidatesimultaneously Figure 4 il-

if( }SCm | + §(CN Sgam )i > 32)
b++

else
S(l:)am :S(l:)am [ c

Bitmap, for blockbis lled asfollows:



8i 2 Sb,. do

8c2 C,, do
ifi 2 Ci
bitmap,(i,c) =1
else
bitmap,(i,c) =0

As atransactionis streamedhroughthe system,each
item in the transactionsetis presentedo the CAM in-
put. If theincomingitem matchesary of theitemsin the
CAM, the CAM producesanaddresghatcorrespondso
that item in the bitmap, asin Figure 4. If a bit of the
RAM outputis set,the correspondingandidatecounter
increments. At the end of the transactionthe counters
areinspected.If a counters valueis equalto the size of
the candidate all of the candidates items were present
in the transaction. This is guaranteeds an item occurs
only oncein ary transactionandthe counteris only in-
crementedvhen the bitmap indicatesthat the candidate
requiregheitem.

249
316
395
482
743
787
819
236
804
319
620
529

R RN AR

Figure 5: Architectural detail for the bitmap operation.
Setbits in a row representhe candidateghat containa
givenCAM entry. Setbitsin acolumnrepresenthe CAM
entriesin a candidate.

5.2

The performanceof the systemis highly dependenbn
how quickly the supportoperationcan be executed,and
this is entirely dependenbn the speedat which datacan

Implementation of the Bitmapped CAM

be streamedandthe subsebperationcompletedfor each
candidateAs thetotal numberof candidatess in thetens
of thousandsandthe systemcanonly supporta limited
numberof candidatesat ary given time, multiple itera-
tions may be necessary Thus, it is importantto maxi-
mizethetotal numberof candidateshatcanbe processed
in parallelin a given iteration. This is directly related
to the arearequiredper candidatein hardware, and the
frequeng of the hardware clock. An appropriateperfor
mancemetric,then,is (time * area).

Theelementareconnecte@nd-to-endn aone-dimen-
sionalarray Data o wsin asingledirection,andthereare
no global connectionsexceptfor the clock signal. This
allows for a fasterclock ratethandesignsrequiringlong
wires. The supportoperationis brokeninto threesteps;
namely programmingstreamingof transactiordata,and
collectionof supportresults.

The rst stepis to load the unitswith candidatesPro-
gramminginformationentersat oneendof thelinear ar-
ray. After the rst candidatds storedin the rst unit, the
ith candidatesetis forwardedalongto theith unit, until
all bCAM blocksandbitmapsfor eachblockin thearray
is full. ThisrequirejScamj+ M jCnj cycles.Thetime,
however, maybesplitinto multiple sectionsf jCpj > ca.

The transactionsare streamedhroughthe array All
transactioraresentthrough,oneelementpercycle. If the
subsetonditionis satis ed, the supportcounteris incre-
mented. If the counteris lessthanm at the end of the
transactiordata the candidatds not a subsebf thetrans-
action. In eithercase,the unit's counteris resetandthe
processeginsagainfor the next transactiorbaslet, until
all transactionpassthroughall of theunits. Thisrequires
t; cycles,andis thusvery efcient. If jCr,j > ca, there
is no way to avoid passingthe databasestreammultiple
timesthroughthe units. This reducesef ciency, but is
still afasterstratgy thansoftware-basedequentiahlgo-
rithms. Thetime givenif multiple passesrerequiredis
asfollows: givenjCnj > ca, thetotal numberof passes

pis dji—:’e, andthusthetime for streamingransactions

is dji—amje(tt + 1). Theextracycleis requiredto ush the
supportdatafrom thelineararray

The supportdatais collected by the controller and
storedfor thevariouscontroloperationsequiredto main-
tainaminimumsupportlevel acrossll candidates.

The programmingnformationfor the systolicarrayis
generatedby thehost.As thegeneratiorof the CAM table
and bitmapis a simple operation,it can be executedin
minimaltime.



5.3 Analysis of the Approach

Theef ciency of thebitmappedCAM is basedentirelyon
the similarity of the candidategprocessed.Determining
the appropriateratio numberof CAM elementdo candi-
datesin aunit is somevhatof achallenge.

Utilizing a sample run from the T40110D100K
databasewe approachthe problem as simply as pos-
sible. Eachcandidateis processedlirectly from a le
containingall of the candidatesfor a given generation.
The unigue elementsfrom eachcandidateare addedto
the setScam until thereis eitherno more CAM elements
availableor the maximumnumberof candidatefiasbeen
reachedFor jScam j=32andjCj = 16, the behaior of the
candidatesetis asfollows:

Generation | Max CAM Num blocks Max cand.in
Number elements aboe32max 31 CAM entries
1 16 0 -

2 18 0 -

3 22 0 -

4 31 0 -

5 41 1 12

6 28 0 -

7 41 2 9

8 29 0 -

9 31 0 -

10 41 1 15

11 25 0 -

Table1: DetailedCAM usageinformationfor eachgen-
erationfor jScam j=32 andjcj=16 for the T401210D100K
dataseat0.01support

Table 1 demonstratea few interestingcharacteristics.
In thisdatabasehe maximumnumberof uniqueelements
in thesetof 16 candidatess generallybelowv thehardlimit
of 32. However, the numberof timesa the numberre-
quiredCAM elementss above the hardlimit is veryrare.
In the 11 generationgomputedjt only occursin genera-
tions5, 7, and10. And in thesegenerationsthe number
of occurrencess 1, 2, and 1, respectiely. For thesesit-
uations,the solutionsis simple: stop addingcandidates
to the block whenthe maximumnumberof elementshas
beenreachedTheright-mostcolumngivesthe maximum
numberof candidategpossiblewhenthe CAM hasbeen
exceeded.Again, this is a rare occurrencehandledby a
simple reductionin the numberof candidatesontained
within ablock.

This empirical analysis of the behaior of the
bitmappedCAM architecturas extendedn Tables6 and
7. Overall, the vast preponderancef candidatesets t
easilyinto the31 CAM entriesper16 candidatéemplate.

6

6.1

Implementation Details

Implementation on a Recon gurable
Computer

The bitmappedCAM was implementedon an SRC-6
MAPstationrecon gurablecomputingplatform. Initially,

thearchitecturavasdescribedn SRC' proprietaryCarte
languagewhichis essentiallya C-typelanguagesxtended
with memoryhandlingandparallelisminstructions. The
architecturevasthenimplementedasa VHDL macroto

provide higherareaef ciency (about2x) and more con-
trol overthe nal hardwarestructure.Thearchitecturen

Figure8 is describeda seriesof Carte-Csource les de-
scribingthe behavior of the microprocessoand both of

the FPGAdevices. Themainsourcedescribeshe beha-

ior of the microprocessocontroller This le setsupthe
DMA memorytransfers,initializes the memoryarrays,
andloadsthe FPGAswith pre-compileditstreams.

=

\

\

A

Figure8: Architectureof bitmappedCAM implemented
onrecon gurablecomputer

Theother les describehedatatransfertbehaior of the
two FPGAdevicesandinstantiateaheVHDL macrosBe-
causeonly the primary FPGA caninitialize DMA trans-
fers,it actsasa masterwhile the second=PGA actsasa
slave. Our implementatiornof the Apriori algorithmhas
beenorganizedsuchthatthe dataaccespatternsarevery
regular Each bitmappedCAM block hasto seeevery
transactiontem, and the memory systemcan pushone
dataword percycle to therecon gurablemacros.Datais
DMAed into the rst FPGA andthenforwardedinto the
second-PGA.Becausehey arebothdoingidenticalwork
(aftersomeinitial pipelinelateng), the datatransferand
computationproceedsat one issueper cycle. Program-
ming of the blocksis donein muchthe sameway, except
thatcon gurationdatais only keptby theintendedFPGA
device. As the databasesanbe larger thanthe sizeof a
single SRAM bank, the dataarray can be stripedacross
multiple banksallowing for nearlytransparenéxpansion
of memorycapacity



Support| 0.0015 0.002 0.003 0.005 0.01 0.05

MeanCAM EntriesNeeded| 16.89 16.99 17.1 17 17.01 15.8

Num ExceedingAvailable CAMs 75 37 12 1 0 0
MeanNum . Candidate®VhenExceeded 12.4 12.5 12.5 15 0 0
Total CAM s 18281 16885 14639 10106 4436 56

Figure6: Measurementf the meanCAM entriesneededor a 16 candidateblock, the numberof occurrencesf an
over owedblock, the meannumberof candidatesvhena block over owed, andthe total numberof block required

for the T1014D100Kdataset

Support| 0.002 0.003 0.005 0.01 0.05

MeanCAM EntriesNeeded| 18.02 18.01 15.98 16.6 17.06

Num ExceedingAvailable CAMs 0 0 223 8 0
MeanNum. Candidate®WhenExceeded 0 0 11  12.25 0
Total CAM lls | 372396 314517 216382 36658 2879

Figure7: Measurementf the meanCAM entriesneededor a 16 candidateblock, the numberof occurrencesf an
over owedblock, the meannumberof candidatesvhena block over owed, andthe total numberof block required

for theT40110D100Kdataset
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Figure9: Throughputandpipelinelateng for supportop-
eration

The Cartecompilerorganizesll of thememoryaccess
issuesthat would otherwisebe a problemto control in
hardware. Given a behaioral descriptionof the blocks,
the systemdeterminesopportunitiesfor parallelismand
pipelining. The systemrunsata x ed 100 MHz, sothe
blocksandarchitectureghosenaretailoredto meetthat
frequeng at minimum area. In orderto extract higher
performancewe also developeda VHDL macroimple-
mentationthatoffer signi canly higherareaperformance
thanthe Carte-CimplementationThroughuseof custom
hardwaredescriptionthe power of customVHDL canbe
importeddirectly into the SRCervironment.

Onechallengewne encountereavith the Cartelanguage
wasthe dif culty of reproducingblocks on a massiely

parallelscale.While in VHDL, adesignecanusea gen-
erate'’commando produceanarbitrarynumberof identi-
calblocks,Carterequiresstructuredo belargely at, with
limited nestedoops. Becauseof this restriction,compi-
lation andsynthesigook longerthannecessargompared
with aVHDL hierarchicadescription. Theuseof VHDL
allows the simplereplicationof units without expensve
repeatesgsynthesisaswell ascustomdatasizes.

As well, the restricteddatatypes provided by Carte
madeexpressingthe ne parallelismand bit operations
in our architecturedif cult. In general,dueto the large
sizeof the databaseandlarge numberof candidatesthe
determiningfactor for the performanceof the systemis
systemfrequeny andthe areaof the blocks. As the sys-
temfrequeny is x edat 100 MHz, the smallestpossible
areais the determiningfactorin performance.

Thememorycommunications handledusingthesame
Carte-Cconstructsbut insteadof implementingthe logic
in the SRCnative languagea VHDL subroutings called.
In our casethe subroutines calledin eachcycle with all
of thecontrol ags anddataasits agumentsThis allows
the statemachinedo be startedandthe bitmappedCAM
unitsto be programmedn away thatis transparento the
SRC machinebut completly controlledby the user As
thepipelinelateng is fairly high (noresultsaregenerated
until the units have beenprogrammedand a databases
streamedhroughthe array), most of the outputsof the
systemcanbeignored. The software-based codekeeps
trackof whenresultsareexpectedandonly storesherel-
evantresults.

Figure9 illustratesthe pipelinelateng andthroughput
possiblewith the system. DMA memorytransfer pro-
gramming,and computationcostsare minimal oncethe
pipelineis full. Thatsaid,the pipeline chaging costcan



seemquite expensve without a relatve measure DMA,
for instancerequires3100cyclesof pipelinecostsbefore
new elementstartissuingatoneelemenpercycle. While
3100is alarge number it is insigni cant whenconsider
ing that at 4 items per element(the 64 bit bus sends4
itemsat atime), the 16 MB, 4,000,000tem T40110D100
databaséasl,000,00G:lementdo transfer Theseareim-
portantresults,asthey shav thatthe costsof datatransfer
arenot a constrainingfactorfor the overall performance
of theapplication.

7 Results

The architectureas implementedin VHDL is highly
pipelined,with the CAM, encodersanddatapatirequir
ing roughly 10 cyclesper CAM stage.Theunitsarecon-
nectedend-to-endn a linear arrayfor higherfrequeng
performanceand are parameterizedor item codesize,
block dimensionsand numberof blocks. We found that
the maximum clock rate was roughly 120 MHz, so the
SRC restriction of 100 MHz did not constrainperfor
manceby a largefactor

The bitmapped CAM results are comparedagainst
the fastestsoftware results available running bench-
mark databasedn standardizedformats. The results
are basedon a run of the T40110D100K (15 MB) and
T1014D100k (4 MB) datasetd1] given varioussupport
levels. Thehardwareimplementations comparecdhgainst
the APRIORI-BRAVE, Borgelt,and Goethalsmplemen-
tationresultsprovidedin [6]. Theseresultsarebasedon
programexecutionona2.8 GHz dualXeonprocessoma-
chinewith 3GByteRAM.

The synthesigool for the VHDL designswithin Carte
version2.1is Synplify Proversion8.1,andISE toolsver
sion 7.1.2is Synplicity Synplify Pro 8.1 andthe place-
and-routetool is Xilinx ISE 7.1.2. The targetdevice is
theVirtex Il XC2V6000with -4 speedgrade.Theresults
arebaseddntheplaced-and-routedesign.Forthe VHDL
results,only thesystolicarrayis implementedasthe con-
troller requiresvery little bandwidthand only moderate
interactionwith the arrayandshouldnot signi cantly af-
fect the performanceesults. The SRC-6resultsdemon-
stratethattheseassumptionarevalid.

Thelineararrayof bitmappedCAM unitsdescribedn
the Section5 with 70 individual units of 16 candidates
and 31 CAM entriesper unit mapsto 29,8750f 33,792
sliceson the masterXC2V6000device. For symmetry
70 are placedon the secondFPGA device. The design
place-and-route® 8.3 ns, or 120 MHz, ideal for imple-
mentatioronthe SRCplatform[12]. In termsof unit size,
the architecturerequiresaboutone-halfof the logic cells
percandidatecomparedo theearliersystolicarrayarchi-
tecture[5].

Figures 10 and 11 give comparisongto three state-
of-the-art microprocessoebasedimplementations. The
T40110D100K(15MB) andT1014D100k(4 MB) datasets
have beenutilized. The two setsare standardestbench
databasefom FIMI [1]. Thebiggestdifferencebetween
the two is the averagenumberof elementsin a baslet,
T40110D100Khaving anaverageof 40 elementsn abas-
ket over 100,000entriesandthe T1014D100khaving an
averageof 10 elementsverthe 100,000entries.This in-
creasedaslet size increaseghe chancethat there will
be correlationsbetweerthe otherwiserandomdata. This
canbe seenin the differencesn overall timings between
FigurelOandFigurell. Theresultsin Figurelldemon-
stratethatthe T40110D100Kdatabaséaslongeraverage
timings dueto the increasechumberof correlationsbe-
tweenitemsto process.

Figure 10: Performancecomparisonagainst various
microprocessebasedmplementationsindour FCCMO05
architecture[5] for the T1014D100K dataset. Note that
thetimeis in log(msec).

8 Conclusion

In conclusionanovel hardwarearchitecturdor datamin-
ing operationswas developed. The work is basedon
“bitmappedCAM” architecturethat allows the similari-
tiesbetweercandidateso beutilized. While thehardware
wasdevelopedfor usein the datamining eld, it is use-
fulin ary elds wherelargenumbersf subsebperations
arerequiredandwherethe elementsof the subsetunder
searcharesimilar. Overall,an FPGAimplementation®f
theApriori algorithmcanprovide signi cant performance



Figure 11. Performancecomparisonagainst various
microprocessebasedmplementationsindour FCCMO05
architecturd5] for theT40110D100datasetNotethatthe
timeisin log(msec).

improvementover software-base@pproaches.

The ideal architecturewhich we planto implementin
thefuture,wouldtake advantageof thefastcandidateyen-
erationand pruningin our systolicarrayarchitecturede-
velopedin [5] andrecon gurethe FPGA for the support
phaseof operation Becausghearchitecturesirememory
basedand do not require changego the hardware con-

guration bitstream,they canbe swappedin andout of

the FPGAwith only the costof swappingcon gurations.
The overall executiontime of the datamining algorithms
is sufciently lengthythatthe costof con gurationis in-

signi cant.
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