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Abstract

TheApriori algorithmis apopularcorrelation-baseddata-
miningkernel.However, it is acomputationallyexpensive
algorithmandtherunningtimescanstretchupto daysfor
largedatabases,asdatabasesizescanextendtoGigabytes.

Throughtheuseof a new extensionto thesystolicar-
ray architecture,time requiredfor processingcanbesig-
ni�cantly reduced.Ourarrayarchitectureimplementation
ona Xilinx Virtex-II Pro100providesa performanceim-
provementthatcanbeordersof magnitudefasterthanthe
state-of-the-artsoftwareimplementations.Thesystemis
easily scalableand introducesan ef�cient “systolic in-
jection” methodfor intelligently reportingunpredictably
generatedmid-array resultsto a controller without any
chanceof collisionor excessivestalling.

1 Intr oduction

Recentadvancesin storageanddatasensinghave revo-
lutionizedour technologicalcapabilityfor collectingand
storingdata. Server logs for popularwebsites,customer
transactiondata from network routers,credit card pur-
chases,customerloyalty cards,etc. produceterabytesof
datain the spanof a day. While it is usefulasa histori-
calrecord,effectiveprocessingfor patternsandtrendscan
make it pro�table. Correlation-baseddatamining is the
�eld of algorithmsto processthis datainto moreuseful
forms,in particular, connectionsbetweensetsof items.In
thispaper, weinvestigatetheApriori algorithm[2], apop-
ularstrategy designedfor progressivelygroupingtogether
frequentitemsetsin largedatabasesgivenaparticularfre-
quency of occurrencecutoff.

While the computationand data complexity of the
Apriori algorithm is very high, little researchhasbeen
donein ef�cient implementationsfor hardware acceler-
ation. We feel thatmuchof the disinterestin addressing
theseproblemslies in thechallengeof implementingset
membershipfunctionsef�ciently , aswell as in the com-
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plexity of control. We addresstheseissuesthroughhy-
brid systolicarray-microcontrolleddatapathsandef�cient
designprinciples. This paperpresentsseveral strategies
we have developedfor adaptingtheApriori algorithmto
usein a systolic array [10]. We also presenta strategy
called “systolic injection,” a contribution to the general
useof systolic arraysthat allows a wide rangeof pre-
viously challengingapplicationsto be implementedef�-
ciently. Throughtheuseof thesystolicarrayweallow for
increasedfrequency performance,decreasedinterconnect,
andsimple,easilyscalableunits.Weimplementtheparal-
lelizableandcomputationintensive operationswithin the
systolicarrayandimplementtheserialandcontrol inten-
sive operationswithin a microcontroller. The microcon-
troller also controlsdatasourceand sink for the array.
Moving thecontrol-intensiveoperationsto themicrocon-
troller, or “softwaredeceleration”[9], allows the opera-
tionsthattakeupasmallfractionof thetotal runningtime
to beexecutedwith lesshardwarethanit wouldrequireas
acomplex statemachine.

Due to our streamingimplementation,the candidate
generationphaseof thealgorithmrequireordersof mag-
nitudelesstime thanthesupportcalculation.Overall, the
hardwareapproachprovidesa minimumof a 4x timeper-
formanceadvantageover the fastestnon-supercomputer
implementations[4, 5,7], andoftenprovidesmuchhigher
performancemultipliers. The off-chip memoryrequired
is moderatebeyondthesizeof thedatabaseandtheband-
width betweenmemoryandthesystolicarrayis 250MB/s.

While thearchitecturecouldeasilybe implementedin
a customASIC – in fact, the simpleunits that make up
thesystolicarrayaredesignedexplicitly for easeof ASIC
implementation– theuseof FPGAallows theuserto uti-
lize parameterizeddesignswhich allow for variablesize
item descriptorsaswell asoptimizedmemorysizesfor a
particularproblem. As well, FPGAsallow thedesignto
bescaledupwardeasilyasprocesstechnologyallows for
ever-largergatecounts.
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2 RelatedWork

As far as we know, the Apriori algorithm hasnot been
studiedin any signi�cant way for ef�cient hardwareim-
plementation. However, researchin hardware imple-
mentationsof relateddata mining algorithmshas been
done[6, 17, 18].

In [6] and[17] 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
item in a set is randomlyassignedto a cluster, and the
centersof the clustersare computed. The elementsare
theniteratively addedandremovedfrom clustersto move
themcloserto thecentersof theclusters.This is related
to theApriori algorithmasbotharedependentonef�cient
setadditionsandcomputationsperformedonall elements
of thosesets.However, k-meansaddsthe distancecom-
putationandsigni�cantly changeshow the setsarebuilt
up.

In [18] 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.

We baseour comparisonsof hardware performance
versusvarious state-of-the-artsoftware implementation
[4, 7, 5] as we are unaware of any comparablehard-
wareimplementationof theApriori algorithm.Extensive
researchexists [8, 12] on parallelizingcorrelationalgo-
rithms,but we focuson single-processormachineperfor-
mance.

3 Intr oduction to the Apriori Algo-
rithm

We divide the Apriori [2] algorithm into threesections,
asillustratedin Figure1. Initial frequentitemsetsarefed
into thesystem,andcandidategeneration,candidateprun-
ing, andcandidatesupportcalculationis executedin turn.
The supportinformation is fed back into the candidate
generatorandthecyclecontinuesuntil the�nal candidate

set is determined. In our hardware implementation,the
sameFPGAcon�guration is usedthroughoutthevarious
modesof operation,with only small changesin thecon-
trol of theunits. We will �rst introducesomeof thedata
mining lexicon andthendescribethe operationalphases
in 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 asetof itemsthatoftenoccurstogetherin
thesamebasket within thedatabaseif it consistsof more
thanoneitem. The cutoff of how oftena setmustoccur
beforeit is includedin thecandidatesetis thesupport.

In this way, a researchercanrequesta particularsup-
port valueand �nd the items which occur togetherin a
basket a minimum numberof timeswithin the database.
This guaranteesa minimum con�dencein the results.A
popularexamplein theliterature(possiblyapocryphal)is
processingthe supermarket transactionsof working men
with youngchildren:whenthey go to thestoreafterwork
to pick up diapers,they tendto purchasebeerat thesame
time. Thus, it makessensestatisticallyto put a beerre-
frigeratorin thediaperaisle.
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Figure1: 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:

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 )

It shouldbe notedthat only orderedsetsareutilized,
that is, the item codesincreasetoward the last item in a
set. Thus,whenc is generatedfrom c1 andc2, the sets
remainordered.Candidategenerationpairsupany candi-
datesthatdiffer only in their �nal elementto generatethe
candidateitemsetsfor thenext candidategeneration.

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

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 the previous
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 problemwith the Apriori algorithm is this
data complexity. Each candidatemust be compared
againstevery transactionset. This givesa large running
time for a singlegeneration,O(jT jjCjj t j), assumingthe
subsetfunctioncanbeimplementedin time jtj. However,
theparallelismcontainedin theloopsallows for somein-
terestingaccelerationin hardware,particularlywhenim-
plementedasasystolicarray.

4 Our Approach

Our generalapproachis to implementthe Apriori algo-
rithm in the most ef�cient mannerpossible,utilizing a
minimum of hardwareand a minimum of time, as well
asinsuringthatutilizationof thehardwarecomparatorsis
near100%.For somepartsof theimplementation,namely
thesupportcalculation,thisis aneasytaskascheckingfor
setequivalenceis a simpleoperation.However, thecan-
didategenerationandpruningoperationsaresigni�cantly
morecomplicatedasthey introducenew datain the sys-
temat unpredictableintervals. We alsomustensurethat
our memoriesareof minimumsizeandyet alsobesuf�-
cientto storenecessarydata.

Our architectureallows for 560 units on a single
device. Theseresultsarebasedon theplace-and-routeof
thefull systolicarraydesignonaXilinx Virtex-II Pro100
device with 44,000slices. Hardware usageis 70 slices
per systolicunit with resourcesfor up to 16 2-byteitem
candidatesets.Theunitsareall connectedend-to-endin
the form of a linear array. Eachunit containsmemory
locations to temporarily store the candidateswhose
supportis being calculatedand to allow for stalling. A
unit is composedof the candidatememory, an index
counter, and a comparator, which allows the output of
thecandidatememoryto becomparedwith an incoming
item. Becauseall setsutilized in thesystemareordered,
the equivalence and greater than signals are all that
are required to determineset equivalence and subset
functions. Thesepiecesare handledby the controller
to implement the required functionality in the three
computationalphases.
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Figure2: Illustrationof the generaldatamining systolic
array
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Throughout this section, we will use the following
variables:
i , theindex of a systolicarrayunit
m, the number of items in a candidatelist, also the
generationnumberas one item is addedto the list per
generation
jCm j, thenumberof total candidatesin generationm,
ca , the numberof hardware units (ca may be lessthan
jCm j),
jT j, thenumberof individualbasketsin thedatabase
t t =

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

Theelementsareconnectedend-to-endin aone-dimen-
sionalarray. Data�o wsin onedirection,stall information
�o ws is the oppositedirection. We will expressthe ar-
ray connectionsandbehavioral descriptionsin Standard
TemporalArithmetic (STA) [11]. The STA descriptions
will illustrateonly the�rst pass(asif jCm j � ca) for sim-
plicity. All subsequentpasses(in thesupportcalculation,
andcandidategenerationphases)arebehaviorally identi-
cal. TheconnectionsbetweencellsB1 throughBn areas
follows:

8i: 1 � i < ca

conn(out(Odata ; B i ); In(I data ; B i +1 ))

8i: 2 � i < ca + 1

conn(out(Ostall ; B i ); In(I stall ; B i � 1))

4.1 Support Calculation

Thesupportcalculationis thesimplestof theoperationsin
theApriori algorithmto implement.Its useof two loops
with nodependenciesallows for highparallelization.The
challengelies in gettingthedatato theunits.

The�rst stepis to loadtheunitswith candidates.Data
entersat oneendof the linear array. After the �rst can-
didateis storedin the �rst unit, the i th candidateset is
forwardedalongto thei th unit, until all unitsin thearray
arefull. This requiresm jCm j cycles.Thetime,however,
maybesplit into multiplesectionsif jCm j > ca .

Thesupportoperationis asfollows2

8t: 0 < t � mjCm j

Val(In(I data ; B1)) =
jC j^

c=1

m̂

e=1

externalmem(c;e)

if (candidatenum= unit id) thenmemi (e) = I data

2The STA notationmay be unfamiliar to the reader. The symbolV j Tk j
j =1

Tk (j ) implies thata singleelementof datais generatedin each
cycle. Here,thetransactionTk producesits j th elementasj progresses
from 1 to thenumberof elementsin thetransaction.

Out(Odata ; B i ) = In(I data ; B i )

8t: mjCm j < t � i �
jT jX

k=1

jTk j

Val(In(I data ; B1)) =
T̂

k=1

jTk j^

j =1

Tk (j )

if (I data 6= memi (m i )) thenmatch = f ail

elsem i + +

8t: mc < t � i �
jT jX

k=1

jTk j and(t mod m) = 0

(supporti = supporti + ((matchi = fail)?1:0))

reset(match)i ; mi = 0

Next, the transactionsarestreamedthroughthe array.
All transactionare sentthrough,oneelementper cycle.
Eachtransactionis anorderedset(likethecandidatesets),
so �nding if the candidateis a subsetof the transaction
basket is similar to a merge sort. As eachitem arrives,
it is comparedwith thecurrentitem. If the itemsmatch,
the candidatepointer is incremented.If the item in the
candidatememoryis greaterthanthe incomingitem, the
counteris not incremented.In thisway, averylargetrans-
actionbasketcanbestreamedthrough,and,if thecounter
pointerequalsm by the endof the transaction,the can-
didatehasbeendeterminedto bea subsetof the transac-
tion basket. If thesubsetconditionis satis�ed,thesupport
counteris incremented.If thecounteris lessthanm at the
endof thetransactiondata,thecandidateis notasubsetof
thetransaction.In eithercase,theunit's memorypointer
is resetand the processbegins againfor the next trans-
actionbasket,until all transactionspassthroughall of the
units.Thisrequirest t + mjCm j cycles,andis thusveryef-
�cient. If jCm j > ca , thereis noway to avoid passingthe
databasestreammultiple timesthroughtheunits.This re-
ducesef�ciency, but is still a fasterstrategy thansoftware-
basedsequentialalgorithms. The time given if multiple
passesarerequiredis asfollows: given jCm j > ca , the
total numberof passesp is djCm j

ca
e, andthusthetime for

streamingtransactionsis djCm j
ca

e(mjCm j + t t ). Theextra
cycle is requiredto �ush the supportdatafrom the lin-
eararray. Thesupportdatais collectedby thecontroller
andstoredfor the variouscontrol operationsrequiredto
maintainaminimumsupportlevel acrossall candidates.

for t =
jT jX

k=1

jTk j + 1

Out(Odata ; B i ) = V al(supporti )
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8t:
jT jX

k=1

jTk j + 1 � t � i �
jT jX

i =1

jTk j + 1 + ca

Out(Odata ; B i ) = In(I data ; B i )

4.2 CandidateGeneration

We will now describeandanalyzethe candidategenera-
tion operation. We againutilize the functionality of the
systolicarrayto realizethesetcomparisonoperation,but
now, insteadof streamingthetransactiondatathroughthe
array, westreamthecandidatesets.Thisallowseachcan-
didatesetto be comparedagainstall of the othercandi-
datessets.A samplerunof thealgorithmis givenin Table
2 to provideanideaasto how many candidatesareevalu-
atedin eachgeneration.

As in the supportcalculation,the �rst stephereis to
streamthenew candidatesinto thelineararray, with each
candidatebeingwritten sequentiallyinto theunit memo-
ries.This requiresmjCm j cycles,asin thesupportcalcu-
lation. Next, the candidatesarepassedthroughthe lin-
ear array again, in order to be comparedagainstall of
the other candidates.The candidatesubsetinformation
mustbedeterminedasthecandidates�o w throughthear-
ray, andthe datafrom thosecomparisonsmustbe deliv-
eredto the controllerwithin the con�nes of the systolic
arraystructure.This is moreacomplex issuethatthesim-
ple counterusedin the supportoperation,requiring that
theindividualsubsetresultsbedeliveredin anidenti�able
form to thecontroller.

Wedeterminetheequivalenceof setsin muchthesame
way aswe determinedif the candidatesweresubsetsof
the transactionbasketsin the supportcalculation. How-
ever, in thisphasethetwo setsmustbeidenticalonly until
their penultimateitem, at which point the two itemsare
compared.If theitem in thecandidatememoryis greater,
it is theninjectedinto thedatastream3.

Thepowerof thesystolicarraylies in theability of the
designerto minimizeinterconnectwithin thedevice. Be-
causewe areattemptingto createanareaef�cient imple-
mentationaswell asa time ef�cient one,we mustmini-
mizethedatapath.If ca unitsareall processingastreamat
thesametime,attheendof m cyclesany or all of theunits
couldattemptto inserta new candidateitem. It is unnec-
essaryto sendout theentirecandidatesetasthecontroller
alreadyhasthe candidatessetsin its memory. It is only
necessaryto forwardsomesortof �ag thatsigni�es thata
matchhasbeenfound,andthecontrollercanput thenew
candidatestogetherbeforethenext phase.

3Weleavethediscussionof injectionfor Section4.4.For themoment
we will assumethat we caninject a delayinto the streamandprovide
spacefor the unit to report that a potentialnew candidatematchhas
beenfound.

Unfortunately, as any or all of the units can produce
a �ag at every m cycles, it is impossibleto distinguish
whichof theunitsproducedthe�ag, andwhenit waspro-
duced. Thus, we must forward more information. The
datapathwidth for streamingthe candidateand transac-
tion informationis equalto thewidth of thecandidatesin
memory. Sincethe �nal elementof the candidatemem-
ory is all thatis necessaryto createthenew candidate,we
chooseto forwardonly the lastelement,appendedto the
candidatedatathatactuallycausedthematch.This oper-
ationhasnomoreexpense4 thanforwardinga simple�ag
asthedatapathis alreadyin place,andmakespossiblethe
decodingin the controlleraswell. As discussedin Sec-
tion 4.4 we canreliably inject a singleelementinto the
endof a candidatelist without causingtroubleanywhere
elsein thepipeline.This simpli�es thecontrolleraswell,
as the �rst m elementsof the new candidategeneration
appearjust beforethenew suf�x esthatwill beappended
to thecandidateto form thenew generation.This works
asfollows:

U = numberof new candidatesbeforepruning

t � def= t � stallsaccumulatedfor item i at time t

8t: 0 < t � 2mjCm j

Val(In(I data ; B1)) =
jC j^

c=1

m̂

e=1

externalmem(c;e)

if (candidatenum= unit id) thenmemi (e) = I data

8t: 0 < t � i � mjCm j

Out(Odata ; B i ) = In(I data ; B i )

8t: mjCm j < t � � i � 2mjCm j + U

if (I data 6= memi (m i )) thenmatchi = fail

elsem i + +

8t: mjCm j < t � � i � 2mjCm j + U

and(( t � � i ) mod m) = 0

if (matchi = fail) thengeneratei
reset(matchi ); m i = 0

Figure3 illustratesthehardwarestructuresusedin this
phase. The running time of this phasesuffers from the
samehardwarelimitation problemsthat troublethe sup-
port phase.However, as the candidatedatais ordersof
magnitudesmallerthanthe penaltyfor having to stream
the candidatesthrough multiple times is much less of
a problem. Again, the numberof the times the candi-
datesarestreamedthroughthearrayis givenby djCm j

ca
e.

4Thereis noexpenseat thecycle level, but theinjectionsystemdoes
addamultiplexer into theforwardingdatapath.
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Figure3: Architecturedetailfor thehardwarecontrolimplementationduringthecandidategenerationphase

If thereareCm +1 new candidatesgeneratedwhile pass-
ing throughthearray, eachof thosenew candidatesonly
stallsthepipelineby onecycle,andthusthetotal number
of cyclesfor the completecandidategenerationphaseis
djCm j

jCa j e(2mjCm j) + U.

4.3 CandidatePruning

The last highly comparison-intensive phaseof the algo-
rithm is to determinethe apriori existenceof subsetsof
thenew candidateswithin thecurrentgeneration.In this
phaseall of the new candidatesare fed throughthe sys-
temagainso thatall possiblecandidatepairscanbepro-
cessed.Ourobjectiveis to �nd if subsetsof thenew candi-
datesmatchanelementof thepreviousgenerationof can-
didates.Onecould,of course,simply createall potential
subsets,streamthemthroughthelineararray, andremove
any new candidatesthatdid nothavea matchingancestor
for eachsubset.However, thiswouldrequiresigni�cantly
moretime thanour approach,by a factorof m � 1.

Our approachis to sendall candidatesthroughthesys-
tem only once,keepinga recordof two piecesof data,
a) if only oneitem is missingfrom a givenancestorcan-
didate,and b) which item is missing. Becausea factor
of m fewer candidatesare streamedthrough the array,
we have signi�cantly lesswork to do, anda total time of
(djCm j

ca
e jca j + 1) m cycles.We implementthis by main-

taing a two bit failure counterin the arrayunit, The key
to thisphaseis thatonefailuremustoccur(theentirenew
candidatecannotbe in the old candidate,by de�nition).
Two failures,however, signify that the old candidateis
not, in fact,asingle-elementdistancefrom thenew candi-
date.If thememorypointerarrivesatthe(m� 1)th candi-
datesetitemwith only onemissingsetitem, it injectsthe
missingset item into the stream.The basicsubsethard-
wareis notsuf�cient here,though.In comparingonly one
elementper cycle, thereis a potentialthe memoryindex
in theunit maynotbeincrementedbeforethe

U = numberof new candidatesbeforepruning

t � def= t � stallsaccumulatedfor item i at time t

8t: 0 < t � 2mjCm j

Val(In(I data ; B1)) =
jC j^

c=1

m̂

e=1

externalmem(c;e)

if (candidatenum= unit id) thenmemi (e) = I data

8t: 0 < t � i � mjCm j

Out(Odata ; B i ) = In(I data ; B i )

8t: mjCm j < t � � i � 2mjCm j + U

if (I data 6= memi (m i )) thenfailures+= 1

elsem i + +

8t: mjCm j < t � � i � 2mjCm j + U

and(( t � � i ) mod m) = 0

if (failures> 1) thengeneratei
reset(matchi ); m i = 0

Thecontrollercollectsthemissingitem informationas
it exits thearrayanddeterminesif thereis afailureateach
of the �rst m � 1 positions. Becausethe failing match
informationimmediatelytrails the candidateit refersto,
this is a simple bitmappingoperation. However, if the
ca < jCm j, that informationhasto bestoredby thecon-
troller for thenext pass.

4.4 Stalling SystolicArray

Theprevioustwo sectionsarebasedon theavailability of
amethodto inject resultsinto thedatastream.Injectionis
importantin this sortof applicationbecauseany or all of
the itemsin the arraycanproducedataat any time over
consecutive cycles. Unfortunately, this is not as simple
as insertingsomesort of “shadow” register to provide a
delaygivenadownstreamstall,althoughthis is partof the
solution. Without somemethodof controlling the data,
this could result in a tangleof datacollisions. Consider
thecandidategenerationphase;(jCm j)2 comparisonsare
made,andwereeachof the ca units to producea result
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(a worstcasethat is not actuallypossible)andattemptto
forward it in someway, the �nal unit in thechainwould
eitherhave ca collisions,or we would have to �nd some
way to buffer out ca elementswithin theunits.Candidate
generationandpruningis anunpredictable,entirelydata-
controlledoperation.However, we canstall the pipeline
andcausethe pipelineitself to act asan ef�cient buffer.
This is possiblein dataminingwhereasit is lessattractive
in applicationssuchasstring matchingbecausewe have
some�e xibility asto whendatais sentinto thearray.

One intuition is to stall the entirepipeline,andallow
thecollisionsto clear. This is necessaryto avoid datacol-
liding in anunrecoverableway. However, in thesituation
of a largesystolicarraysuchasthis one,globalstallsare
problematicfor severalreasons.First, it is inconvenientto
have proliferationof global routingresources.Theclock
is theonly elementabsolutelynecessaryandthuswe de-
sire to limit global routesto it. Second,several hundred
stall signalscomingtogetherinto a priority queueto stall
downstreamunits that might collide with the requesting
unit is unnecessaryandwasteful. This approachwould
requirea greatdealof hardwareresources.Third, stalling
the whole pipeline would signi�cantly reducethe over-
all utilization of thepipelineandincreaseexecutiontime.
We chooseto pursuea moreintelligentstallingapproach,
only stalling thepreviousunit andletting thestall signal
propagatetowardthe�rst unit in thearray. Eachupstream
unit handlesthestall signalin mannerappropriatefor its
currentstate. This allows eachinjection of datato only
delaythe pipelineby a singlecycle, which is the key to
theexactrunningtimeanalysisin theprevioussections.

Let us assumethatunit i hasfound a matchingcandi-
datesetandneedsto signalthis to thecontrollerby inject-
ing anitem into thedatastream.Theitem is forwardedto
unit i + 1, while i � 1 receivesthestallingsignal.However,
becausei � 1 doesnot receive and processthe stalling
signaluntil it hasalreadystartedreceiving i � 2's data,
unit i mustacceptthedatafrom i � 1, otherwisethatdata
would be lost. This one-elementcollision andmatching
stall continuesto the �rst elementin the chain,without
causingany dataloss. This strategy canbe extendedto
allow for the potentialfor multiple stalls to occurat the
sametime in thepipeline.Thekey elementhereis thata
stalledunit canacceptno morethanoneadditionalpiece
of data. Moreover, the stalledunit will not do computa-
tion oneitherof thepiecesof datain its memory. Thus,it
cannotproduceadditionalstalls.

Figure 4 illustrates the data movement through the
pipelineandthedatastoragebehavior within a unit.

In Table1 we illustrateall possiblecombinationsfor a
givenunit. stalli is thevariabledeclaringthatunit i needs
to injectaresultin thenext cycle. Install = 1 signi�es that
astallhasbeenrequestedfrom unit i + 1, andstal l mem
is thememorybit thatde�nesif thereis astandingrequest
for astall thathasbeendelayeddueto acoincidentalstall

Install stall mem generate Outstall stall mem*
0 0 0 0 0
0 0 1 1 0
0 1 d 1 0
1 0 0 1 0
1 0 1 1 0
1 1 d 1 1

Table1: Behavior of the stalling/injectionsystem. The
generatesignalbecomesa “don't care” whenthe unit is
alreadyin a stallingstate.

in the currentunit. A unit cannotperform computation
(andpossiblyrequesta stall) if it is currentlyhasa stall
requestoutstandingin its stall memory.incomingstall re-
questfrom unit i + 1. Theoutputcolumnsarethenew stall
requestsignal(routedto unit i � 1) andthenew valueof
thestallmemory.

Theintentionof exhaustively enumeratingthepossible
situationsa unit canencounterserves to demonstrateto
the readerthat thereis no way for theunit to have inter-
naldatacollisions.Moreover, theprogressivestallingcan
functioneffectively in asystem.

5 Results

Due the lack of comparablehardware implementations,
we compareagainstthe fastestsoftwareresultsavailable
running benchmarkdatabasesin standardizedformats.
We will baseour resultson a run of the T40I10D100K
(15 MB) andT10I4D100k(4 MB) datasets[1] givenvar-
ious supportlevels. We compareagainstthe APRIORI-
BRAVE, Borgelt, and Goethalsimplementationresults
provided in [4]. Theseresultsarebasedon programex-
ecutionon a 2.8 GHz dualXeonprocessormachinewith
3GByteRAM.

The synthesistool for our designsis Synplicity Syn-
plify Pro 7.2 and the place-and-routetool is Xilinx ISE
6.2.Thetargetdeviceis theVirtex II ProXC2VP100with
-6 speedgrade.Theresultsarebasedon theplaced-and-
routeddesign.We implementonly the systolicarrayfor
theresultsasthecontrollerrequiresvery little bandwidth
andonly moderateinteractionwith the arrayandshould
notsigni�cantly affect theperformanceresults.

Table2 hasruntimeinformationfor thesupportcalcu-
lation sectionof the system. As the supportcalculation
takes an order of magnitudemore time than any other
of the functionalsegmentsin our implementation,it is a
good approximationof the overall systemperformance.
With only onedevicewecanbeatthemuchfasterclocked
dualdeviceXeonmachineby at least4x, andoftenby far
greatermargins.More importantly, thesystemhasessen-
tially perfectsystemscaling,aseachadditionalFPGAfur-
therreducesthenumberof passesof thedatabasethrough
thesystem.All that is requiredis 20 bits of datacommu-
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Figure 4: Systolic injection occursin Stage3 (cycle 1), and Stage2 (cycle 2) but doesnot causeunrecoverable
collisions

m jCm j num.passes time(sec)
1 100000 179 5.7
2 100000 179 5.7
3 99974 179 5.7
4 55041 99 3.2
5 28622 52 1.7
6 21642 39 1.2
7 18158 33 1.1
8 10181 19 0.6
9 7499 14 0.4
10 5251 10 0.3
11 3929 8 0.3
12 2323 5 0.2
13 1122 3 0.1

total time for supportcalculation:26 seconds

Table 2: Performanceanalysis for jT j = 4000000at
112 MHz, na = 560. Numberof candidatesbasedon
T40I10D100Kdataset.

nicationat 112MHz betweenthedevicesfor passingthe
2-byte item datapath,stall signal, �ag signal,andmode
descriptor. Figure5 illustratesthescalingperformanceof
thedesign.Scalingis linearwith numberof devicesuntil
64 devices. While we only do timing analysisandsimu-
lation of the systolicarrayin this paper, we plan on im-
plementingthe controller on either the PPC-405on the
Virtex-II Pro or in one of the SRC high-endplatforms
[15].

Figures6 and 7 give comparisonsto three state-of-
the-artmicroprocessor-basedimplementations.We con-
sider the T40I10D100K (15 MB) and T10I4D100k (4
MB) datasets. The two sets are standardtestbench
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-
creasedbasketsizeincreasesthechancethattherewill be
correlationsbetweentheotherwiserandomdata.Thiscan
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Figure5: Scalingbehavior for dataminingsystem. Per-
formancescaleslinearly until 64 devicesareconnected,
or some35k individualsystolicarrayunits.

beseenin thedifferencesin overall timingsbetweenFig-
ure 6 andFigure7. The resultsin Figure7 demonstrate
that the T40I10D100Kdatabasehaslongeraveragetim-
ingsdueto theincreasednumberof correlationsbetween
itemsto process.

A key observation is that Borgelt implementation
is by far the fastestsoftware implementationfor the
T10I4D100kdatasetwhereasthe Bodonimplementation
is thefastestin theT40I10D100K.In bothcases,ourhard-
wareapproachprovidesconsistentlyfasterresults,inde-
pendentof thedatabasecharacteristics.Moreover, thedif-
ferencein performanceincreasessigni�cantly asthemin-
imum supportlevel decreases.
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Figure 6: Performancecomparison against various
microprocessor-basedimplementationsfor T10I4D100K
dataset.

6 Conclusion

We have shown thatFPGAimplementationsof theApri-
ori algorithm can provide signi�cant performanceim-
provement over software-basedapproaches. We are
also interestedin implementingsome of the more re-
cent (andmorecontrol-intensive andmemory-intensive)
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Figure 7: Performance comparison against vari-
ous microprocessor-based implementations for
T40I10D100Kdataset.

approachesin hardware, including hash-basedstrategies
suchasDHP [13] andtrie-basedapproaches[4]. It may
be possibleto increasethe bandwidthof the systemby
processingseveralsub-partitionsof a setin parallelasin
[16]).

Wearealsointerestedin leveragingourexperiencewith
high-performancestring matching [3] for autonomous
patterngenerationfor network security[14].
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