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Abstract

TheApriori algorithmis a fundamentalcorrelation-based
dataminingkernelusedin avarietyof �elds. Theinnova-
tion in this paperis a highly parallelcustomarchitecture
implementedon a recon�gurablecomputingsystem.Us-
ing this “bitmappedCAM,” thetimeandarearequiredfor
executingthesubsetoperationsfundamentalto datamin-
ing canbesigni�cantly reduced.

The bitmappedCAM architectureimplementationon
anFPGA-acceleratedhigh performanceworkstationpro-
videsa performanceaccelerationof ordersof magnitude
over software-basedsystems.The bitmappedCAM uti-
lizes redundancy within the candidatedatato ef�ciently
storeandprocessmany subsetoperationssimultaneously.
The ef�ciency of this operationallows 140 units to pro-
cessabout2,240subsetoperationssimultaneously.

Using industry-standardbenchmarkingdatabases,we
havetestedthebitmappedCAM architectureon theSRC-
6E recon�gurablehardware system. The platform pro-
vides a minimum of 24x (and often much higher) time
performanceadvantageover the fastestsoftwareApriori
implementations.

1 Intr oduction

Recentadvancesin stateof thearthighperformancecom-
puting machines[8, 12] with large memoriesand large
FPGAdeviceshave causeda seismicshift in theway re-
con�gurablehardwareis used.In thesemachines,theno-
tion of anFPGA is not an afterthought.Thesemachines
arenotacardor anadd-ondevicethatattemptsto provide
acceptableperformanceand usability, rather, they are a
tightly integratedsystem.

The developmentof FPGA-integratedmachineswith
large,fastSRAM banksandhigh bandwidthinterconnect
hassetthestagefor ordersof magnitudehigheref�ciency
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for highly complex applications. The ability to stream
dataat high speedsfrom memoryto an FPGA with in-
tegratedcontrolandbitstreamloadingprovidedby a mi-
croprocessorhasmadesystemssuchas the SRC MAP
processorarchitecture[12] or the Cray XD-1 system[8]
potentiallyveryvaluable.

Recentadvancesin storageanddatasensinghaverevo-
lutionizedour technologicalcapabilityfor collectingand
storingdata. Server logs for popularwebsites,customer
transactiondata,credit cardpurchases,customerloyalty
cards,etc. produceterabytesof datain thespanof a day.
While it is usefulasa historicalrecord,effectiveprocess-
ing for patternsandtrendscanmake it pro�table. There
arevariousformsof datamining. Muchis for commercial
purposes,but otherwork includingclusteringfor bioinfor-
matics[11] andcorrelationmining for evolutionarytraits
[4]. Correlation-baseddatamining is the �eld of algo-
rithmsto processthis datainto moreusefulforms,in par-
ticular, connectionsbetweensetsof items.TheApriori al-
gorithm[2] is apopularapproachfor progressivelygroup-
ing togetherfrequentitemsetsin large databasesgiven a
particularcutoff of occurrencefrequency.

Software implementationsof the Apriori algorithm
[6, 7, 10] utilize varioustreestructures,hashingmethods,
or approachessuchasverticalmining [15] that radically
changedatastructuresto handlethesupportandcandidate
generationoperations.

Thispaperdemonstratesanef�cient structurefor com-
puting the supportof a setof candidates.The effective-
nessof thearchitecturehasbeenshownontheSRCFPGA
machine,proving that the integrationof FPGA accelera-
tion andsoftwarecontrolallows for signi�cant advances
in the designof datamining systems. While the archi-
tectureis implementedon anSRCmachine,otherrecon-
�gurable computingsystemssuchasthe Cray XD-1 [8]
or a customASIC-baseddesignwould alsoprovide high
performancewith few architecturalchanges.

In variousperformancestudies,it was notedthat the
behavior of theApriori algorithmhascertaincharacteris-
tics that allow for redundancy betweencandidatesto be
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extractedfor usein hardware.In general,while theremay
be hundredsof thousandsof candidatesprocessedin a
generation,thedifferencebetweenany two adjacentcan-
didatesis fairly low. That is, the edit distancebetween
candidatesetswill be low. Throughthe combinationof
Content-AddressableMemories(CAM) implementedon
FPGA andsmall internalmemories,the performanceof
thealgorithmin hardwarecanbeimproved.Theresultsof
testson variouscorrelation-miningbenchmarkdatabases
show that the bitmappedCAM approachis highly ef�-
cient in both time andareacomparedto otherhardware
approaches.

In the following sections,the relatedwork in the �eld
will beintroduced,andsomebackgroundonFPGAarchi-
tectureandtheApriori algorithmitself will be provided.
A detaileddescriptionof theapproachfollows,aswell as
the rationalebehindthe approach.Finally, implementa-
tion detailsandresultsfor thecompleteSRCsystemwill
bepresented.

2 Background on Recon�gurable
Computing Systems

FieldProgrammableGateArrays(FPGA)provideafabric
uponwhich applicationscanbe built. FPGAs,in partic-
ular, StaticRandom-AccessMemory(SRAM) basedFP-
GAs from Xilinx [14] or Altera [3] arebasedon a look-
up tables,�ip-�ops, andmultiplexers. In thesedevices,a
SRAM bankservesasa con�guration memorythat con-
trols all of the functionalityof thedevice, from the logic
implementedto the signalingstandardsof the IO pins.
Thevaluesin the look-uptablescanproduceany combi-
nationallogic functionality necessary, the �ip-�ops pro-
vide integratedstateelements,andtheSRAM-controlled
routing direct logic valuesinto the appropriatepathsto
producethedesiredarchitecture.Thedevice is composed
of extensive programmablerouting andmany thousands
of basiclogic cells that includethebasiclogic elements.
Dependingon on the device variety, FPGAscaninclude
fastApplicationSpeci�c IntegratedCircuit (ASIC) multi-
pliers,ethernetcontrollers,local RAMs, andclock man-
agers.FPGAsstartedout asprototypingdevices,allow-
ing for convenientdevelopmentof glue-logic-typeappli-
cationsfor connectingASIC componentswithout high
VLSI designcostsor large numbersof discretestandard
logic gates. As the gate density of FGPA devices in-
creasedandapplicationspeci�c ASIC blockswereadded,
theapplicationsshiftedfrom glue logic to a wide variety
of solutionsfor signalprocessingandnetwork problems.
The deviceshave beendeployed in the �eld asthe �nal,
but still �e xible, solution.BecauseSRAM-baseddevices
arecontrolledby the stateof the memorybits, the func-

tionality canbe changedby changingthe memorystate.
This canbeuseful,aslogic canbecustomizedfor a par-
ticularsetof input data.
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Figure1: A generalplatformmodelis targeted,composed
of a microprocessor-basedhostconnectedvia fast inter-
connectwith FPGAfabricandseveralbanksof SRAM

FPGAdevicesprovideasurprisinglypowerfulandcon-
venientplatform for implementingapplicationaccelera-
tors. For somekerneldomains,suchasdatamining, FP-
GAsprovidemany of theadvantagesof ASIC design,in-
cluding potential for parallelism,very ef�cient bit-level
operations,andhigh bandwidth. Unlike ASICs, though,
recon�gurablehardwarecan be reprogrammedto 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
genericplatformshown in Figure1. By providing awork-
stationwith anFPGAacceleratorcombinedwith banksof
fastmemory, machineslike theSRCMAPstation[12] or
theCrayXD-1 system[8] canprovide signi�cant perfor-
manceincreasesfor scienti�c anddata-intensivecomput-
ing. The SRCsystemusesa recon�gurabledevice inte-
gratedinto theDIMM memoryslots,allowing theFPGA
to take advantageof thehigh memorybandwidthaswell
astransparentlybehaveasamemory.

2.1 HardwareAr chitecture

2.1.1 SRCMAPstation

In the SRC MAPstation,one Intel microprocessorruns
onaLinux operatingsystem,andtherecon�gurablelogic
resourceis referredto asa MAP processor. EachMAP
processorconsistsof two Xilinx FPGAsandoneFPGA-
basedcontroller. Each FPGA has accessto six banks
of on-board(SRAM) memory. Throughthe FPGA con-
troller, themicroprocessorsandtheFPGAscommunicate
andsharetheir memory. The hardwarearchitectureof a
MAP processoris shown in Figure2 [12]. SRCusesits
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Figure2: HardwareArchitectureof SRCMAP Processor

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

3 Related Work in Hardware Data
Mining

As far as we know, the Apriori algorithm hasnot been
studiedin any signi�cant way for ef�cient hardwareim-
plementationby otherresearchers.Currently, our initial
paper([5]) onasystolicarrayarchitecturefor datamining
is the only recentwork in this area. However, research
in hardwareimplementationsof relateddataminingalgo-
rithmshasbeenpublished[9, 13, 16].

In [9] and[13] thek-meansclusteringalgorithmis im-
plementedasanexampleof a specialrecon�gurablefab-
ric in theform of a cellulararrayconnectedto a hostpro-
cessor. K -meansclusteringis a datamining strategy that
groupstogetherelementsbasedon a distancemeasure.
The distancecanbe an actualmeasureof Euclideandis-
tanceor canbemappedfrom someotherdatatype. Each
itemin asetis randomlyassignedto acluster, andthecen-
tersof eachgrouparecomputed.The elementsarethen
iteratively moved betweenclustersto move themcloser
to the centerof a group. This is relatedto the Apriori
algorithmasbotharedependenton ef�cient setadditions
andcomputationsperformedonall elementsof thosesets.
However, k-meansaddsthedistancecomputationandsig-
ni�cantly changeshow thesetsarebuilt up.

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

Commondatabasescaneasilyextendbeyond the capac-
ity of thephysicalmemory, andslow tertiarystorage,e.g.,
harddrives,arebroughtinto thedatapath.Thepaperpro-
posesthe integrationof a simplecomputationalstructure
for datamining onto theharddrive controlleritself. The
data mining proposedby the paper is not Apriori, but
ratherthe problemof exact andinexact string matching,
a muchmorecomputationallyregularproblemcompared
to theApriori algorithm.However, thework is useful,and
will becomemoresoasFPGAperformancescalesupand
signi�cantly exceedsthedatasupplycapabilitiesof 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 performanceimprovement
of ordersof magnitudeover the state-of-the-artsoftware
implementations.The systemis easily scalableand in-
troducesanef�cient “systolic injection” methodfor intel-
ligently reportingunpredictablygeneratedmid-arrayre-
sults to a controller without any chanceof collision or
excessive stalling. However, the supportoperationstill
requiresan two ordersof magnitudemoretime thanthe
otherstages.Wefocusonaddressingthesupportproblem
in this paper. Thearchitecturewe developin this paperis
entirelydistinctfrom thework in [5].

4 Apriori Algorithm

For thebene�t of thereader, we presenta brief introduc-
tion to theApriori algorithmandthechallengesof imple-
mentingit ef�ciently in hardware. We divide the Apri-
ori [2] algorithminto threesections,asillustratedin Fig-
ure3. Initial frequentitemsetsarefedinto thesystem,and
thethreephasesof candidategeneration,candidateprun-
ing, andcandidatesupportcalculationis executedin turn.
The supportinformation is fed back into the candidate
generatorandthecyclecontinuesuntil the�nal candidate
setis determined.In thehardwareimplementation,multi-
ple FPGAcon�gurationsareusedthroughoutthevarious
modesof operationto provide the highestpossibleper-
formance.In this section,we will �rst introducesomeof
thedatamining lexicon andthendescribetheoperational
phasesin moredetail.

In the literature,ananalogyto a shoppingcart is used.
A basketis thesetof itemspurchasedatonetime,checked
out from thelibrary, or otherwisegroupedtogetherbased
on somecriteria suchastime, customer, etc. A frequent
itemis anitemthatoftenoccursin a database.A frequent
itemset, then, is a setof frequentitems that often occur
togetherin the samebasket. The cutoff of how often a
setmustoccur to be includedin the candidateset is the
support.

3



Throughout this paper, we will use the following
variables:
m, the numberof items in a candidatelist, equalto the
generationnumber( one item is addedto the list per
generation)
jCm j, thenumberof total candidatesin generationm,
ca , the numberof candidateslotsavailable(16 slotsper
hardwareblock)(ca maybelessthanjCm j),
jT j, the numberof individual transactionbaskets in the
database
t t =

P jT j
k=1 jTk j, thetotalnumberof itemsin thedatabase,

A researchercanrequesta particularsupportvalueand
�nd theitemswhichoccurtogetherin abasketaminimum
numberof timeswithin the database.This guaranteesa
minimumcon�dencein theresults.
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Figure3: Process�o w of thedataminingsystem

Candidategenerationis theprocessin which onegen-
erationof candidatesis built into thenext generation.This
building processis from wheretheApriori namederives.
Each new candidateis built from candidatesthat have
beendeterminedapriori (in the previous generation)to
haveahighlevelof support.Thus,they canbecon�dently
expandedinto new potentialfrequentitemsets.This is ex-
pressedformally asfollows:

whenm > 1
8 c1; c2 2 Cm do

with c1 = (i 1; :::; i m � 1; i m )
andc2 = (i 1; :::; i m � 1; i �

m )
andi m < i �

m
c := c1 [ c2 = (i 1; :::; i m � 1; i m ; i �

m )

Candidategenerationpairsup any candidatesthat dif-
fer only in their �nal elementto generatethe candidate
itemsetsfor thenext candidategeneration.

The next step of candidate generation guarantees
that eachnew candidateis not only formed from two
candidatesfrom the previous generation,but that all
subsetsthat canbe createdby removing oneelementare
alsopresentin thepreviousgeneration,asfollows:

whenm > 1
8c 2 Cm do

8i 2 c : c � f i g 2 Cm � 1

Theinitial candidategenerationprovesby designthatif
we remove eitherof the last two items(i m , i �

m ) from the

new candidate,we will get candidatesfrom theprevious
generation,namely, c1 andc2. The secondstepveri�es
that if we remove any single item from the new candi-
date,we will �nd a candidatefrom the previous genera-
tion. This progressive build-up of candidatesis theheart
of theApriori algorithm.

The third phaseof the algorithmis the supportcalcu-
lation. It is by far themosttime consuminganddatain-
tensive part of the application,as during this phasethe
databaseis streamedinto thesystem.Eachpotentialcan-
didate's support,or the numberof occurrencesover the
databaseset,is determinedby comparingeachcandidate
with eachtransactionin thedatabase.If thesetof items
thatform thecandidateappearin thetransaction,thesup-
port countfor thatcandidateis incremented,asfollows:

8t 2 T do
8c 2 C do

if c � t
support(c)++

The main time performancebottleneckfor the Apri-
ori algorithm is determiningif eachcandidateis a sub-
set of eachtransactionbasket. Eachcandidatemust be
comparedagainsteverytransactionset,ahighly compute-
intensiveoperation.Thefocusof this paperis onacceler-
atingthesupportoperation.

The analysisandresultsarebasedon two benchmark
databasesthat are commonly used for testing the per-
formanceof implementationof the Apriori algorithm.
The T40I10D100K(15 MB) and T10I4D100k (4 MB)
datasets[1] with varioussupportlevelsaretested.

5 Ar chitectural Approach

In [5] weobservedthatthehugeamountof datathatmust
be streamedthroughthe device causesthe supportoper-
ation to requiretwo ordersof magnitudemoretime than
any othersegmentof theApriori algorithm.Thiswork ad-
dressingonly theaccelerationof thesupportcalculation.
Thearchitecturepresentedin thispaperis basedonasev-
eralobservationsaboutthebehavior of thealgorithm.The
mostimportantis thattheoutputof thecandidategenera-
tion phaseproducesaseriesof verysimilar candidates.

For instance,A B C andA B D areboth valid candi-
dates,aswell asA C D E andA B D E. If we canavoid
replicatingthestorageresourcesfor thereplicateddata,a
higherlevel of ef�ciency canbe achieved. If eachhard-
wareblockhandlesasinglecandidate(asin theearlierar-
chitecture[5], thenA C D E andA B D E will eachrequire
four uniqueelements,for a total of 8 memorylocations
acrossthe two blocks. However, if the hardware block
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canbe responsiblefor both candidates,the total number
of uniqueelementsis 5.

Thereis oftena very little changebetweentwo succes-
sively generatedcandidatesin thecandidateset. A small
extract from the 7th iteration of candidategeneration
follows:

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

Note that the total numberof uniqueelementsis very
low. This is dueto theregularityof thegenerationproce-
dure.
c := c1 [ c2 = (i 1; :::; i m � 1; i m ; i �

m )
As c1(i 1; :::i m � 1) = c2(i 1; :::i m � 1) onecanexpectlarge
groupingsof verysimilar candidates.

Searchingfor subsetsin asingleunit (asin [5]) is quite
simple. Eachtransactionis an orderedset(like the can-
didatesets),so �nding if thecandidateis a subsetof the
transactionbasket is similar to amergesort.As eachitem
arrives,it is comparedwith thecurrentitem. If the items
match,thecandidatepointeris incremented.If theitemin
thecandidatememoryis greaterthanthe incomingitem,
thecounteris not incremented.In this way, a very large
transactionbasket can be streamedthrough,and, if the
counterpointer equalsm by the end of the transaction,
the candidatehasbeendeterminedto be a subsetof the
transactionbasket.

Handlingmany candidatesin thesameblock is slightly
morecomplicated.In thesinglecandidatecase,thecan-
didatehasa candidatepointerthatkeepstrackof thenext
item of interest. Throughthe useof a memoryfor the
candidateitem, only a singlecomparatoris required.As
comparatorsarefairly expensive in termsof hardwarere-
sources,this is a goodsolution.However, in themultiple
candidatesituation,many itemscanrequirecomparison
with theinput in any cycle. Thiseithercausesstallsin the
pipelinewhile thevariousitemsarecompared,or causes
errorsascandidatepointersareadvancedor stalledincor-
rectly. Thetransactionmusthave all elementsof a given
candidatein orderfor thesubsetpropertyto besatis�ed.

Thesolutionis to utilize a CAM linkedwith a bitmap
memory in order to determinesubsetsatisfaction for a
large numberof candidatessimultaneously. Figure4 il-

lustratesthe architecture.A CAM is a fully associative,
programmablememory. In a CAM, a userrequeststhe
contentof a memoryinsteadof the locationof a partic-
ular element.That is, insteadof requestinglocation4 of
somememoryandgettingtheoutput35A3,werequestthe
35A3 andthememoryreturnstheaddress4. Thesesorts
of memoryarecommonlyusedin network applications.
We usetheCAM to provide parallelcomparisonsfor the
unionof theitemspresentin thecandidatessets.

5.1 Bitmapped CAM

In Figure4, the CAM addressesa line from the bitmap
memory. A setbit in the bitmap memoryoutputcorre-
spondsto the presenceof an item in the candidateset.
Thus,theverticalline in theRAM correspondsexactly to
theitemsin thecandidate.
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Figure 4: Architectureof the bitmappedCAM block.
Eachof the itemsincludedby the candidatesof interest
hasits own CAM entry, indexing a RAM that speci�es
whichof thecandidatestheitemappliesto.

Theelementsin theCAM Sb
cam is thesetof itemsre-

quiredto completelyspecifythecandidatesetscontained
within block b, asfollows:

b = 0
8c 2 Cm do

if( jSb
cam j + j(c n Sb

cam )j > 32)
b++

else
Sb

cam = Sb
cam [ c

Bitmapb for blockb is �lled asfollows:
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8i 2 Sb
cam do

8c 2 Cm do
if i 2 Ci

bitmapb(i,c) = 1
else

bitmapb(i,c) = 0

As a transactionis streamedthroughthe system,each
item in the transactionset is presentedto the CAM in-
put. If theincomingitem matchesany of theitemsin the
CAM, theCAM producesanaddressthatcorrespondsto
that item in the bitmap, as in Figure 4. If a bit of the
RAM output is set, the correspondingcandidatecounter
increments. At the end of the transaction,the counters
areinspected.If a counter's valueis equalto thesizeof
the candidate,all of the candidate's items were present
in the transaction.This is guaranteedasan item occurs
only oncein any transaction,andthe counteris only in-
crementedwhen the bitmap indicatesthat the candidate
requirestheitem.
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Figure 5: Architecturaldetail for the bitmap operation.
Setbits in a row representthe candidatesthat containa
givenCAM entry. Setbitsin acolumnrepresenttheCAM
entriesin a candidate.

5.2 Implementation of theBitmapped CAM

The performanceof the systemis highly dependenton
how quickly the supportoperationcanbe executed,and
this is entirelydependenton thespeedat which datacan

bestreamedandthesubsetoperationcompletedfor each
candidate.As thetotalnumberof candidatesis in thetens
of thousands,andthe systemcanonly supporta limited
numberof candidatesat any given time, multiple itera-
tions may be necessary. Thus, it is important to maxi-
mizethetotalnumberof candidatesthatcanbeprocessed
in parallel in a given iteration. This is directly related
to the arearequiredper candidatein hardware, and the
frequency of thehardwareclock. An appropriateperfor-
mancemetric,then,is (time* area).

Theelementsareconnectedend-to-endin aone-dimen-
sionalarray. Data�o wsin asingledirection,andthereare
no global connectionsexcept for the clock signal. This
allows for a fasterclock ratethandesignsrequiringlong
wires. The supportoperationis broken into threesteps;
namely, programming,streamingof transactiondata,and
collectionof supportresults.

The�rst stepis to loadtheunitswith candidates.Pro-
gramminginformationentersat oneendof the linear ar-
ray. After the�rst candidateis storedin the�rst unit, the
i th candidateset is forwardedalongto the i th unit, until
all bCAM blocksandbitmapsfor eachblock in thearray
is full. This requiresbjScam j + m jCm j cycles.Thetime,
however, maybesplit into multiplesectionsif jCm j > ca .

The transactionsare streamedthroughthe array. All
transactionaresentthrough,oneelementpercycle. If the
subsetconditionis satis�ed, thesupportcounteris incre-
mented. If the counteris lessthan m at the endof the
transactiondata,thecandidateis notasubsetof thetrans-
action. In eithercase,the unit's counteris resetandthe
processbeginsagainfor thenext transactionbasket,until
all transactionspassthroughall of theunits.This requires
t t cycles,andis thusvery ef�cient. If jCm j > ca , there
is no way to avoid passingthe databasestreammultiple
times throughthe units. This reducesef�ciency, but is
still a fasterstrategy thansoftware-basedsequentialalgo-
rithms. The time given if multiple passesarerequiredis
asfollows: given jCm j > ca , the total numberof passes
p is djCm j

ca
e, andthusthe time for streamingtransactions

is djCm j
ca

e(t t + 1). Theextracycle is requiredto �ush the
supportdatafrom thelineararray.

The support data is collected by the controller and
storedfor thevariouscontroloperationsrequiredto main-
tainaminimumsupportlevel acrossall candidates.

Theprogramminginformationfor thesystolicarrayis
generatedby thehost.As thegenerationof theCAM table
andbitmap is a simple operation,it can be executedin
minimal time.
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5.3 Analysisof the Approach

Theef�ciency of thebitmappedCAM is basedentirelyon
the similarity of the candidatesprocessed.Determining
theappropriateratio numberof CAM elementsto candi-
datesin aunit is somewhatof achallenge.

Utilizing a sample run from the T40I10D100K
database,we approachthe problem as simply as pos-
sible. Eachcandidateis processeddirectly from a �le
containingall of the candidatesfor a given generation.
The uniqueelementsfrom eachcandidateare addedto
thesetScam until thereis eitherno moreCAM elements
availableor themaximumnumberof candidateshasbeen
reached.For jScam j=32andjCj = 16, thebehavior of the
candidatesetis asfollows:

Generation Max CAM Num blocks Max cand.in
Number elements above32 max 31CAM 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 and jcj=16 for the T40I10D100K
datasetat 0.01support

Table1 demonstratesa few interestingcharacteristics.
In thisdatabase,themaximumnumberof uniqueelements
in thesetof 16candidatesis generallybelow thehardlimit
of 32. However, the numberof timesa the numberre-
quiredCAM elementsis abovethehardlimit is very rare.
In the11 generationscomputed,it only occursin genera-
tions5, 7, and10. And in thesegenerations,thenumber
of occurrencesis 1, 2, and1, respectively. For thesesit-
uations,the solutionsis simple: stop addingcandidates
to theblock whenthemaximumnumberof elementshas
beenreached.Theright-mostcolumngivesthemaximum
numberof candidatespossiblewhenthe CAM hasbeen
exceeded.Again, this is a rareoccurrence,handledby a
simple reductionin the numberof candidatescontained
within a block.

This empirical analysis of the behavior of the
bitmappedCAM architectureis extendedin Tables6 and
7. Overall, the vastpreponderanceof candidatesets�t
easilyinto the31CAM entriesper16candidatetemplate.

6 Implementation Details

6.1 Implementation on a Recon�gurable
Computer

The bitmappedCAM was implementedon an SRC-6
MAPstationrecon�gurablecomputingplatform. Initially,
thearchitecturewasdescribedin SRC's proprietaryCarte
language,whichis essentiallyaC-typelanguageextended
with memoryhandlingandparallelisminstructions.The
architecturewasthenimplementedasa VHDL macroto
provide higherareaef�ciency (about2x) andmorecon-
trol over the �nal hardwarestructure.Thearchitecturein
Figure8 is describeda seriesof Carte-Csource�les de-
scribingthe behavior of the microprocessorandboth of
theFPGAdevices.Themainsourcedescribesthebehav-
ior of themicroprocessorcontroller. This �le setsup the
DMA memory transfers,initializes the memoryarrays,
andloadstheFPGAswith pre-compiledbitstreams.
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Figure8: Architectureof bitmappedCAM implemented
onrecon�gurablecomputer

Theother�les describethedatatransferbehavior of the
two FPGAdevicesandinstantiatetheVHDL macros.Be-
causeonly the primary FPGA caninitialize DMA trans-
fers, it actsasa masterwhile thesecondFPGAactsasa
slave. Our implementationof the Apriori algorithmhas
beenorganizedsuchthatthedataaccesspatternsarevery
regular. EachbitmappedCAM block has to seeevery
transactionitem, and the memorysystemcan pushone
dataword percycle to therecon�gurablemacros.Datais
DMAed into the �rst FPGA andthenforwardedinto the
secondFPGA.Becausethey arebothdoingidenticalwork
(aftersomeinitial pipelinelatency), thedatatransferand
computationproceedsat one issueper cycle. Program-
ming of theblocksis donein muchthesameway, except
thatcon�gurationdatais only keptby theintendedFPGA
device. As thedatabasescanbe larger thanthesizeof a
singleSRAM bank, the dataarraycanbe stripedacross
multiplebanks,allowing for nearlytransparentexpansion
of memorycapacity.
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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

NumExceedingAvailableCAMs 75 37 12 1 0 0
MeanNum. CandidatesWhenExceeded 12.4 12.5 12.5 15 0 0

TotalCAM �lls 18281 16885 14639 10106 4436 56

Figure6: Measurementof themeanCAM entriesneededfor a 16 candidateblock, thenumberof occurrencesof an
over�owedblock, themeannumberof candidateswhena block over�owed,andthe total numberof block required
for theT10I4D100Kdataset

Support 0.002 0.003 0.005 0.01 0.05
MeanCAM EntriesNeeded 18.02 18.01 15.98 16.6 17.06

NumExceedingAvailableCAMs 0 0 223 8 0
MeanNum. CandidatesWhenExceeded 0 0 11 12.25 0

Total CAM �lls 372396 314517 216382 36658 2879

Figure7: Measurementof themeanCAM entriesneededfor a 16 candidateblock, thenumberof occurrencesof an
over�owedblock, themeannumberof candidateswhena block over�owed,andthe total numberof block required
for theT40I10D100Kdataset

0

1000

2000

3000

4000

5000

6000

7000

8000

9000

0 1000 2000 3000 4000 5000 6000

Number of Transaction Elements

N
um

be
r 

of
 C

yc
le

s 
E

la
ps

ed

DMA Costs
Support Calculation
Loading/Result Collection

Figure9: Throughputandpipelinelatency for supportop-
eration

TheCartecompilerorganizesall of thememoryaccess
issuesthat would otherwisebe a problemto control in
hardware. Given a behavioral descriptionof the blocks,
the systemdeterminesopportunitiesfor parallelismand
pipelining. The systemrunsat a �x ed 100 MHz, so the
blocksandarchitectureschosenaretailoredto meetthat
frequency at minimum area. In order to extract higher
performance,we alsodevelopeda VHDL macroimple-
mentationthatoffer signi�canly higherareaperformance
thantheCarte-Cimplementation.Throughuseof custom
hardwaredescription,thepowerof customVHDL canbe
importeddirectly into theSRCenvironment.

Onechallengeweencounteredwith theCartelanguage
was the dif�culty of reproducingblockson a massively

parallelscale.While in VHDL, adesignercanusea`gen-
erate'commandto produceanarbitrarynumberof identi-
calblocks,Carterequiresstructuresto belargely�at, with
limited nestedloops. Becauseof this restriction,compi-
lationandsynthesistook longerthannecessarycompared
with a VHDL hierarchicaldescription.Theuseof VHDL
allows the simple replicationof units without expensive
repeatedsynthesis,aswell ascustomdatasizes.

As well, the restricteddata types provided by Carte
madeexpressingthe �ne parallelismand bit operations
in our architecturedif�cult. In general,dueto the large
sizeof thedatabasesandlargenumberof candidates,the
determiningfactor for the performanceof the systemis
systemfrequency andtheareaof theblocks. As thesys-
temfrequency is �x edat 100MHz, thesmallestpossible
areais thedeterminingfactorin performance.

Thememorycommunicationis handledusingthesame
Carte-Cconstructs,but insteadof implementingthelogic
in theSRCnativelanguage,aVHDL subroutineis called.
In our case,thesubroutineis calledin eachcycle with all
of thecontrol�ags anddataasits arguments.Thisallows
thestatemachinesto bestartedandthebitmappedCAM
unitsto beprogrammedin away thatis transparentto the
SRC machinebut completlycontrolledby the user. As
thepipelinelatency is fairly high(noresultsaregenerated
until the units have beenprogrammedanda databaseis
streamedthroughthe array), most of the outputsof the
systemcanbeignored.Thesoftware-basedC codekeeps
trackof whenresultsareexpectedandonly storestherel-
evantresults.

Figure9 illustratesthepipelinelatency andthroughput
possiblewith the system. DMA memorytransfer, pro-
gramming,andcomputationcostsareminimal oncethe
pipelineis full. Thatsaid,thepipelinecharging costcan
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seemquite expensive without a relative measure.DMA,
for instance,requires3100cyclesof pipelinecostsbefore
new elementsstartissuingatoneelementpercycle. While
3100is a largenumber, it is insigni�cant whenconsider-
ing that at 4 items per element(the 64 bit bus sends4
itemsat a time), the16 MB, 4,000,000item T40I10D100
databasehas1,000,000elementsto transfer. Theseareim-
portantresults,asthey show thatthecostsof datatransfer
arenot a constrainingfactorfor the overall performance
of theapplication.

7 Results

The architectureas implementedin VHDL is highly
pipelined,with theCAM, encoders,anddatapathrequir-
ing roughly10 cyclesperCAM stage.Theunitsarecon-
nectedend-to-endin a linear array for higher frequency
performance,and are parameterizedfor item codesize,
block dimensions,andnumberof blocks. We found that
the maximumclock rate was roughly 120 MHz, so the
SRC restriction of 100 MHz did not constrainperfor-
manceby a largefactor.

The bitmappedCAM results are comparedagainst
the fastest software results available running bench-
mark databasesin standardizedformats. The results
are basedon a run of the T40I10D100K(15 MB) and
T10I4D100k(4 MB) datasets[1] given varioussupport
levels.Thehardwareimplementationis comparedagainst
theAPRIORI-BRAVE, Borgelt, andGoethalsimplemen-
tation resultsprovidedin [6]. Theseresultsarebasedon
programexecutionona2.8GHzdualXeonprocessorma-
chinewith 3GByteRAM.

Thesynthesistool for theVHDL designswithin Carte
version2.1is Synplify Proversion8.1,andISEtoolsver-
sion 7.1.2 is Synplicity Synplify Pro 8.1 and the place-
and-routetool is Xilinx ISE 7.1.2. The target device is
theVirtex II XC2V6000with -4 speedgrade.Theresults
arebasedontheplaced-and-routeddesign.For theVHDL
results,only thesystolicarrayis implementedasthecon-
troller requiresvery little bandwidthand only moderate
interactionwith thearrayandshouldnot signi�cantly af-
fect theperformanceresults. The SRC-6resultsdemon-
stratethattheseassumptionsarevalid.

Thelineararrayof bitmappedCAM unitsdescribedin
the Section5 with 70 individual units of 16 candidates
and31 CAM entriesper unit mapsto 29,875of 33,792
sliceson the masterXC2V6000device. For symmetry,
70 areplacedon the secondFPGA device. The design
place-and-routesto 8.3 ns,or 120MHz, ideal for imple-
mentationontheSRCplatform[12]. In termsof unit size,
thearchitecturerequiresaboutone-halfof the logic cells
percandidatecomparedto theearliersystolicarrayarchi-
tecture[5].

Figures 10 and 11 give comparisonsto three state-
of-the-art microprocessor-basedimplementations. The
T40I10D100K(15MB) andT10I4D100k(4 MB) datasets
have beenutilized. The two setsarestandardtestbench
databasesfrom FIMI [1]. Thebiggestdifferencebetween
the two is the averagenumberof elementsin a basket,
T40I10D100Khaving anaverageof 40elementsin abas-
ket over 100,000entriesandthe T10I4D100khaving an
averageof 10 elementsover the100,000entries.This in-
creasedbasket size increasesthe chancethat therewill
becorrelationsbetweentheotherwiserandomdata.This
canbeseenin thedifferencesin overall timingsbetween
Figure10andFigure11. Theresultsin Figure11demon-
stratethattheT40I10D100Kdatabasehaslongeraverage
timings due to the increasednumberof correlationsbe-
tweenitemsto process.
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Figure 10: Performancecomparisonagainst various
microprocessor-basedimplementationsandourFCCM05
architecture[5] for the T10I4D100Kdataset.Note that
thetime is in log(msec).

8 Conclusion

In conclusion,anovelhardwarearchitecturefor datamin-
ing operationswas developed. The work is basedon
“bitmappedCAM” architecturethat allows the similari-
tiesbetweencandidatesto beutilized. While thehardware
wasdevelopedfor usein thedatamining �eld, it is use-
ful in any �elds wherelargenumbersof subsetoperations
arerequiredandwherethe elementsof the subsetunder
searcharesimilar. Overall,anFPGAimplementationsof
theApriori algorithmcanprovidesigni�cant performance
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Figure 11: Performancecomparisonagainst various
microprocessor-basedimplementationsandour FCCM05
architecture[5] for theT40I10D100dataset.Notethatthe
time is in log(msec).

improvementoversoftware-basedapproaches.
The idealarchitecture,which we plan to implementin

thefuture,wouldtakeadvantageof thefastcandidategen-
erationandpruningin our systolicarrayarchitecturede-
velopedin [5] andrecon�guretheFPGA for thesupport
phaseof operation.Becausethearchitecturesarememory
basedand do not requirechangesto the hardware con-
�guration bitstream,they canbe swappedin andout of
theFPGAwith only thecostof swappingcon�gurations.
Theoverall executiontime of thedatamining algorithms
is suf�ciently lengthythat thecostof con�guration is in-
signi�cant.
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