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Abstract

The Apriori algorithm is a popular and foundational member of the correlation-
baseddatamining kernelsusedtoday. Howevwer, it is a computationally expen-
sive algorithm and running times can stretch to days for large databases,as
database sizescan reach from Gigabytes and computation requires multiple
passes.

Through the useof a new type of systolic array architecture, time required
for processingcan be dramatically reduced. Our array architecture implemen-
tation on a Xilinx Virtex-l1 | Pro 100 provides a 4x performanceimprovemen
over the fastest software implementation available running on a dual 2.8 GHz
Xeon systemwith 3 GB RAM. The systemis easily scalableand introducesan
e cien t \systolic injection"” method for intelligently reporting unpredictably
generated mid-array results to a cortroller without chance of collision or ex-
cessie stalling. The o -chip bandwidth required is 250MB/s, allowing for
practical implemertation with o -the-shelf memory controllers. The o -c hip
memory requiremerts are negligible.

1 Intro duction

Recen advancesin storage and data sensinghas revolutionized our technological
capability for collecting and storing data. Sener logsfor popular websites,customer
transaction data from network routers, credit card purchases,customerloyalty cards,
etc. produceterabytes of data in the spanof a day that is useful as historical record
but not asusefulasit could be wereit e ectively processedor patterns and trends.
Correlation-baseddatamining is the eld of algorithms to processthis data into more
useful forms, in particular, connectionsbetween sets of items. In this paper, we
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investigate the Apriori algorithm [2], a popular strategy designedfor progressiely
grouping together frequert itemsetsin large databasesgiven a particular frequency
cuto .

While the computation and data complexity of the Apriori algorithm is very high,
little researb hasbeendonein e cient implemertations for hardware acceleration.
We feelthat much of the disinterest in doing this work liesin the challengeof imple-
merting set menmbership functions e cien tly, aswell asin the complexity of cortrol.
We addresstheseissuesthrough hybrid systolic array-microcortrolled datapaths and
e cient designprinciples. This paper preseits se\eral strategieswe have deweloped
for adapting the Apriori algorithm to usein a systolic array [11]. We also presen a
strategy called\systolic injection,” a signi cant technical cortributions to the general
useof systolic arrays that allows a wide range of previously challenging applications
to be implemerted e ciently. Through the use of the systolic array we allow for
increasedfrequencyperformance,decreasednterconnect, and simple, easily scalable
padkagedunits. We implemen all data and computation intensive operations within
the systolic array and implemert all serial and cortrol intensive operations within a
microprocessor,namely the Power PC 405integrated with the Virtex-1 | Pro device.
The devicechoiceis important, asthe systolic array is dependert on its data source
and sink, and for the \software deceleration"[10]for cortrol-in tensive operationsthat
take up a smallfraction of the total running time of the algorithm. Dueto our stream-
ing implemertation, the candidategenerationphaseof the algorithm require ordersof
magnitude lesstime than the support calculation, and overall requiresroughly 25%of
the time required by the fastestnon-supercomputerimplemeration [5]. The o -c hip
memory required is negligible beyond the size of the databaseand the bandwidth
betweenmemory and the systolic array is only 250MB/s.

While the architecture could easily be implemerted in a custom ASIC { in fact,
the simple units that make up the systolic array are designedexplicitly for easeof
ASIC implemenation { the use of FPGA allows the user to utilize parameterized
designswhich allow for variable sizeitem descriptors as well as optimized memory
sizesfor a particular problem. As well, FPGAs allow the designto be scaledupward
easily as processtechnology allows for ewver-larger gate couns.

2 Related Work

As far aswe know, the Apriori algorithm hasnot beenstudied in any signi cant way
for e cient hardware implemertation. Howeer, researt in hardware implemerta-
tions of related datamining algorithms hasbeendone [6, 12, 20, 21].

In [6, 20] the k-means clustering algorithm in implemerted as an example of
a special recon gurable fabric in the form of a cellular array connectedto a host
processor.K-meansclusteringis a datamining strategy that groupstogetherelemens



basedon a distance measure. The distance can be an actual measureof Euclidean
distance or can be mapped from any manner of other data types. Eac item in a
setis randomly assignedto a cluster, the certers of the clustersare computed, and
then elemens are added and removed from clustersto more e cien tly move them
closerto the certers of the clusters. This is related to the Apriori algorithm as both
are dependert on e cient setadditions and computations performedon all elemerts
of those sets, but addsthe distance computation and signi cantly changeshow the
sets are built up. Besidesdiering in the overall algorithm, the structure of the
computation is also signi cantly di erent, asthe systemrequiresthe use of global
memory, in which ead unit's personalmemory is accessibleby the host cortroller.
By avoiding global connectionsthat violate the principles of systolic design,we can
increaseoverall systemclock frequencyand easerouting problems.

In [21] a systemis implemerted which attempts to mediate the high cost of data
transfersfor large data sets. Commondatabasescan easily extend beyond the capac-
ity of the physical memory, and slow tertiary storage,e.g., hard drives, are brought
into the datapath. This paper proposeshe integration of simple computational struc-
ture for datamining onto the hard drive cortroller itself. The datamining proposedby
the paper is not Apriori, but rather the problem of exactand inexact string matching,
a much more computationally regular problem comparedto the Apriori algorithm.
Howeer, the work is useful,and will becomemoresoasFPGA performancescalesup
and signi cantly exceedghe data supply capabilities of hierarchical memory systems.

We baseour comparisonsof hardware performanceversusan e cient software
implemertation [5] using a trie approad aswe are unaware of any comparablehard-
ware implemertations of the Apriori algorithm. Extensive researb exists[9, 13] on
parallelizing correlation algorithms, but we focus on single madine performance.

3 Intro duction to the Apriori Algorithm

We break the Apriori [2] algorithm into three sections, as illustrated in Figure 1.
Initial frequert item setsarefedinto the system,and candidategeneration,candidate
pruning, and candidate support is executedin turn. The support information is fed
bad into the candidate generatorand the cycle cortinuesuntil the nal candidate
set is determined. We will rst introduce someof the datamining lexicon and then
descrike the operational phasesin more detail.

In the literature, an analogyto a shoppingcart is used: the setof items purchased
at onetime, chedked out from the library, or otherwise grouped together basedon
somecritera sud astime, customer,etc. is referredto asa basket The items within
the baslet canbethe ertire transaction, or there may be multiple transactionswithin
the baslet. A frequentitemset is the a set of oneor moreitems that often occurin a
databaseoneitem, and often occurstogether in the samebaslet within the database



if it consistsof more than oneitem. The cuto of how often a set must occur before
it is includedin the candidate setis the support.

In this way, a researber canrequesta particular support valueand nd the items
which occur together in a basket a minimum number of times within the database,
guararteeinga minimum con dencein the results. A popular examplein the literature
(possiblyapocryphal) is processinghe supermarket transactionsof working menwith
young children: whenthey go to the store after work to pick up diapers, they tend
to purchasebeerat the sametime. Thus, it makes sensestatistically, if not sccially
responsibly, to put a beerrefrigerator in the diaper aisle.
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Figure 1. Process o w of the data mining system

Candidate generationis the processin which one generation of candidatesare
built into the next generation. This building processs from wherethe Apriori name
derives. Becauseead new candidate is built from candidatesthat have beende-
termined apriori (in the previous generation)to have a high level of support, they
can be con dently expandedinto new potertial frequert itemsets. This is expressed
formally asfollows:

8ff,2 Fdo
with fq = (i) 0k 150k)
andfy = (ig; 50k 150g)
and iy < iy
fo="fa] fo= (g0 ik i)

It should be noted that only orderedsetsare utilized. Thus, whenf is generated
fromf, andf,, the setsremainordered. Candidate generationpairs up any candidates
that dier only in their nal elemen to generatethe next candidate generation.

The next step of candidate generationguararteesthat ead new candidateis not
only formed from two candidatesfrom the previousgeneration,but that every subset
of it is alsopresen in the previousgeneration,as follows:

gi2f:f fig2 Fy
Thus, our initial candidate generationproves by designthat if we remove either
of the last two items (i, i, ) from the new candidate,we will get candidatesfrom the

previous generation, namely f, and f,. The secondstep provesthat if we remove
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any of the other items from the new candidate, we must nd a candidate from the
previousgeneration. This progressie build-up of candidatesis the heart of the Apriori
algorithm.

The third phaseof the algorithm is the support calculation. It is by far the
most time consumingand data intensive part of the application, asit is during this
phasethe databaseis streamedinto the system. Each potertial candidate'ssupport,
or number of occurrencesover the databaseset, is determined by comparing eat
candidate with ead transaction in the database. If the set of items that make up
the candidate appear in the transaction, the support court for that candidate is
incremerted, as follows:

8t2 T do
8c2 C do
ifc2t
support(c)++

The main problem with the Apriori algorithm is this data complexity. Eadh
candidatemust be comparedagainstevery transaction data, and candidategeneration
must seethe entire databasetransaction set. This givesa large running time for a
single generation, O(jTjjCjjtj), assumingthe subsetfunction can be implemened in
constart time jtj. Howewer, the parallelism cortained in the loops allows for some
interesting accelerationin hardware, particularly when implemerted as a systolic
array.

4 Our Approac h

Our generalapproad is to implemert the Apriori algorithm in the most e cien't
manner possible,utilizing a minimum of hardware and a minimum of time, aswell as
insuring that utilization of the hardware comparatorsis near 100%. For someparts of
the implemenation, namely the support calculation, this is an easytask as chedking
for set equivalenceis a simple operation. Howeer, the candidate generation and
pruning operations are signi cantly more complicatedasthey introduce new data in
the systemat unpredictable intervals. We also must insure that our memoriesare of
minimum sizeand yet alsobe su cient to store all data necessary

Our architecture allows for roughly 560 units on a singledevice,assumingperfect
routing and placemen (this is basedon placeand route of the full systolicarray design
on a Xilinx Virtex-1 1 Pro 100devicewith 44,000slices.Hardware usageis roughly 70
slicesper unit with resourcedor up to 16 2-byte item candidate sets). This units are
all connectedend-to-endin the form of a linear array, and cortain memory locations
to temporarily store the candidateswhosesupport is being calculated and to allow
for stalling. The hardware is composedof the candidate memory, an index courter,
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Figure 2: lllustration of the generaldata mining systolic array

and a comparator, which allows the output of the candidate memoryto be compared
with anincomingitem. Becauseall setsutilized in the systemare ordered,the equiv-
alenceand greaterthan signalsare all that are requiredto determine setequivalence
and subsetfunctions. Thesepiecesare handled by the cortroller basedon the cur-
rent mode to implemert the requiredfunctionality in the three computational phases.

Throughout this section,we will usethe following variables:
m, the number of items in a candidatelist, alsothe generationnumber as oneitem
is addedto the list per generation
¢, the number of total candidates,
Ca, the number of hardware units (c, may be lessthan ¢,),
ty, the total number of items in the database,
ty, the number of individual baskets in the database

4.1 Support

The support calculation is by far the most simple of the operations in the Apriori
algorithm to implemert given its use of two loops with no dependencies. Figure 3
illustrates the hardware implemertation of the support functionality.

The rst stepis to load the units with candidates. Data erters at one end of the
linear array, and, after placing the rst candidatein the rst unit, is forwarded to
the next unit and soon, until all units in the array are full. This requiresm ¢, time
overall. The time, howewer, may be split into multiple sectionsshouldc, > c,.

Next, the transactions are streamedinto the units. Each transaction is also an
ordered set to match the ordered candidate sets, so nding if the candidate is a
subsetof the transaction basket is very similar to a mergesort. As ead item arrives,
it is comparedwith the current item. If the items match, the candidate pointer is
incremeried. If the item in the candidate memoryis greaterthan the incoming item,
the courter is not incremerted. In this way, a very large transaction basket can be
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streamedthrough and, if the courter pointer equalsm by the end of the transaction,
the candidatehasbeendeterminedto be a subsetof the transaction baslet (it may be
possibleto increasethe bandwidth of the systemby processingse\eral sub-partitions
of a setin parallel [17]). Given that the subsetis a candidate, the support courter
is incremerted. If the courter is lessthan m at the end of the transaction data,
the candidate is not presein in the transaction. In either case,the unit's candidate
pointer is reset and the processbeginsagain for the next transaction baslet, until
all transactions passthrough the all of the units. This requirest; + ¢ cycles,and is
thus very e cient. If ¢ > c,, there is no way to avoid passingthe databasestream
through the units multiple times. This reducesine ciency, but is still a far more
e cient strategy than software-basedsequetial algorithms. The time given multiple
passess asfollows: if ¢ > c,, then the total number of passe is dcte and thusthe
time for streamingtransactionsis dCl e(c + 1). The extra cycleis requwedto ush the
support data from the linear array " The support data is collected by the cortroller
and storedfor the variouscortrol operationsrequiredto maintain a minimum support
level acrossall candidates.

The overall time for the support calculation is dg—;e(tt + 1)+ c,. After the streams
have moved through the candidates, The pipeline latency is only included once as
after the pipelineis full it remainsfull until the beginning of the next phase.

— -

—

Yy

1 |,

A

—

Figure 3: Architecture detail for the hardware implemertation of the support calcu-
lation

4.2 Candidate Generation

We will now descrite and analyzethe candidate generationoperation. Becauseeadh
candidateis comparedagainstevery other candidate,the complexity of this operation
is m?2 .. We again utilize the functionality of the systolic array to realize the set
comparisonoperation, but now, instead of streaming the transaction data through
the array, we streamthe candidate data a secondor moretimes. In this way, the size



of the candidate memoriesremains set to the maximum m required, and no other
memory is required.

As in the support calculation, the rst step hereis to streamthe new candidates
into the linear array, with eat candidate being written sequetially into the unit
memories. This requiresc, as earlier. The secondpassthrough the array is more
complicated,asthe candidatedata must be matchedasit o wsthrough the array, and
data from those comparisonsmust be deliveredto the cortroller within the con nes
of the systolic array structure.

We determine the equivalenceof setsin much the sameway as we determined
if the candidateswere subsetsof the transaction baslets in the support calculation.
Howe\er, in this phasethe two setsmust only match until their perultimate item, at
which point the two items are comparedand, if the item in the candidate memoryis
greater, is injected into the data strean¥.

The power of the systolic array lies in the ability of the designerto minimize
interconnectwithin the device. Becausewe are attempting to createan areae cien t
implemertation aswell as a time e cient one, we must minimize the datapath. If
C, units are all processinga stream at the sametime, at the end of m cyclesnone,
any, or all of the units could producea new candidateitem. It is unnecessaryo send
out the ertire candidate as the cortroller already hasthe candidatesin its memory
It is only necessaryto forward somesort of ag that signi es that a match hasbeen
found, and the cortroller can put the new candidatestogether during beforethe next
phase.

Unfortunately, asany or all of the units can producea ag at every m cycles,it
is impossibleto distinguish which of the units producedthe ag, and when. Thus,
we must forward more information. As the datapath for streamingthe candidateand
transaction information is equal to the size of the candidatesin memory and since
the nal elemen of the candidate memory is all that is necessaryto createthe new
candidate, we chooseto forward only the last elemen, appendedto the candidate
data that actually causedthe match. This operation has no more expensé than
forwarding a simple ag asthe datapath is already in place,and makespossiblethe
decdling in the cortroller aswell. As discussedn Section4.4 we canreliably inject a
singleelemen into the end of a candidatelist without causingtrouble anywhere else
in the pipeline. This simpli es the cortroller aswell, asthe rst m elemens of the
new candidate generationappear just beforethe new su xes that will be appended
to the candidateto form the new generation.

Figure 4 illustrates the hardware structures usedin this phase. The running time

2We leave the discussionof injection for Section 4.4, for the momert we will assumethat we can
inject a delay into the stream and provide spacefor the unit to report that a potential new candidate
match has beenfound

3There is no expenseat the cycle level, but the injection systemsdoesadd a multiplexer into the
forwarding datapath, and the multiplexer has controlled by a signal with a long critical path.
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Figure 4: Architecture detail for the hardware implemertation of the candidate gen-
eration

of thesephasesu ers from the samehardware limitation problemsthat trouble the
support phase,but, asthe candidatedata is ordersof magnitude smallerthe penalty
for having to streamthe candidatesthrough multiple timesis much lessof a problem.
Again, the number of the times the candidatesare streamedthrough the array is
given by dCl e. If there are ¢, new candidatesgenerateswhile passingthrough, eadh
of those new candidatesonly stalls the pipeline by one cycle, so end with the total
number of cyclesfor the complete candidate generationphaseis dg; G+ C.

4.3 Candidate Pruning

The last highly comparison-itensive phaseof the algorithm is determining the apriori
existenceof subsetsof the new candidateswithin the current generation. Essetially
our objective in this phaseis to take all of the new candidatesand feedthem through
the systemagainand nd if subsetsof the new candidatesmatch the previouscandi-
dates. Onecould, of course,simply createall potertial subsetsand then streamthem
through the linear array and then remove any new candidatesin which any of the
subsetsdid not nd a matching ancestor. Howeer, this would require signi cantly
moretime, by a factor of m 1.

Our approad sendsall candidatesthrough only once,but keepstrack of two pieces
of data, a) if only oneitem is missingfrom a given ancestorcandidate,and b) which
item. Becausea factor of m fewer candidatesare streamedthrough the array, we have
signi cantly lesswork to do, and a total time of (dfj—;ecn + 1)m. Weimplemert this by
maintaing two bits in the unit, onede ning a primary match failure and onede ning
a secondfailure. The key to this phaseis that one failure must occur, implying that
the subsetis presen (the ertire new candidate cannot be in the old candidate, by
de nition), but two failures signi es that the old candidate is not, in fact, a subset
of the new candidate. When the candidate pointer arrivesat m 1 (which are not
requiredasthey have already beenprovedto have subsetsin the candidategeneration



phase)it injects the failing m matchesinto the stream. The cortroller collectsthe
failing match information asit exits the array and determinesif there is a failure at
eat of the rst m 1 positions. Becausehe failing match information immediately
trails the candidateit refersto, this is a simple bitmapping operation. Howewer, if
the n, < ny, that information hasto be stored by the cortroller for the next pass.

4.4 Stalling Systolic Array

The previoustwo sectionsare basedon the availability of a method to inject results
into the datastream. This is important in this sort of application becauseany or
all of the items in the array can produce data at any time over consecutie cycles,
and, without somemethod of cortrolling the data, could produce a tangle of data
collisions. Considerthe candidate generationphase;(c;)? comparisonsare made, and
should every one of the ¢, units produce a result (an impossibility) and attempt to
forward it in someway, the nal unit in the chain would either have c, collisions, or
we would haveto nd someway to bu er out c, elemens within the units. Unlike an
application with a predictable maximum-sizebu er model sud as string matching
under the Knuth-Morris-Pratt algorithm [4], candidate generationand pruning is an
unpredictable, ertirely data-cortrolled operation. Howewer, we can stall the pipeline
and causethe pipelineitselfto actasane cient bu er. This is possiblein data mining
whereit is lessattractiv e in mostly-real-time applications sud as string matching for
intrusion detectionbecausene have a great deal of exibilit y in whendata is provided
to the array.

The rst intuition is to stall the ertire pipeline, and allow the collisionsto clear.
This is necessaryin that caseto avoid data colliding in an unrecoverable way. How-
ewer, in the situation of a large systolic array sud asthis one, global stalls are prob-
lematic for seeral reasons. First, it is inconveniert to have proliferation of global
routing resourcesthe clock is the only elemen absolutely necessaryand thus we will
try to limit global routesto it. Second,seeral hundred stall signalscomingtogether
into a priority queuethat only needsto stall units that might collide with the request-
ing unit is unnecessaryand wasteful. This approat would require a great deal of
hardware resources.Third, stalling the whole pipeline would signi cantly reducethe
overall utilization of the pipeline and delay termination. We chooseto pursuea more
intelligent stalling approad, instead only stalling the previous unit and letting the
stall signal propagatetoward the rst unit in the array. This allows ead injection of
data to only delay the pipeline by a singlecycle,which is the key to the exactrunning
time analysisin the previoussections.

Let usassumethat unit i hasfound an matching candidatesetand needsto signal
this to the cortroller by injecting an item into the data stream. The item is forwarded
to unit i + 1, while i 1 receiwesthe stalling signal. Howewer, becausei 1 does
not receive and processthe stalling signaluntil it hasalready started receivingi  2's
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data, unit i must acceptthe data fromi 1, otherwisethat data would be lost. This
one-elemen collision continuesto the rst elemen in the chain, without causingany
data loss. This strategy can be extendedto allow for the potential for multiple stalls
to occur at the sametime in the pipeline.

Figure 5 illustrates the data movemert through the pipeline and the data storage
behavior within a unit.
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Figure 5: Systolic injection occursin Stage3(cycle 1), and Stage2(cycle 2) but does
not causeunrecoverable collisions

We illustrate in Tables1 and 2 two potertial situations in which stalls occur
and propagate up the array without causingloss of data. The key elemen hereis
that when a unit is stalled, it can acceptone more pieceof data, but no more, and,
moreover, it doesnot do computation on either of the piecesof data in its memory.
Thus, it cannot producea stall on its own.
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Table 1: A singleinjection i, stalling the pipline by onecycle
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Table2: Twoinjectionsi colliding and causingtwo stallsto propagatein the pipeline.
This situation is illustrated in more detail in Figure 5.

In Table 3 we illustrate all possiblecombinations for a given unit. Need_stall_now
is the variable declaringthat unit i needsto inject a result in the next cycle. Stall_in
signi es that a stall has beenrequestedfrom unit i + 1, and my_stall_mem is the
memory bit that de nes how many stalls have built up dueto coincidertal requests.
The table has an added column, need_stall_now.real that is the adjusted value of
need_stall_ now to accoun for the de nition of the stalling behavior, that is, a unit
cannot requesta stall if it is currently has a stall request outstanding in its stall
memoryThe output columnsare the new stall requestsignal (routed to unit i 1)
and the new value of the stall memory

The intention of exhaustively enrumerating the possibly situations a unit can en-
courter senesto demonstrateto the readerthat there is no way for the unit to get
badked up with more than one elemen, and moreoer, the progressie stalling can
function e ectively in a system.
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Needstall_now | Stall_in | My _stall mem | Needstall real || stall_out | My _ stall mem*
0 0 0 0 0 0
0 0 1 0 1 0
0 1 0 0 1 0
0 1 1 0 1 1
1 0 0 1 1 0
1 0 1 0 1 0
1 1 0 1 1 1
1 1 1 0 1 1

Table 3: Behavior of the stalling/injection system. Note that a modied
needstall_now is required basedon the currernt state of my_stall mem, asactive high
my _stall_ mem implies that the last cycle

5 Results

Duethe lack of comparablehardware implemertations, we compareagainstthe fastest
software results available [5] running available databasesin standardized formats,
namely [1]. We will baseour results on a run of the T40110D100K dataset given a
support of 0.01. The Bodon implemenation [5], running on a 2.8 GHz dual Xeon
processormacine with 3GByte RAM requiresroughly 100 seconds. We base our
comparisonson this number.

The syrthesistool for our designsis Synplicity Synplify Pro 7.2 and the placeand
route tool is Xilinx ISE 6.2. The target deviceis the Virtex 11 Pro XC2VP100with
-6 speedgrade. We will do performanceveri cation on the Xilinx ML-300 platform,
but currertly the results are basedon the place and route report. We implemen
only the systolic array for the results asthe cortroller requiresvery little bandwidth
and only moderate interaction with the array and should not signi cantly a ect the
performanceresults.

Table 4 hasruntime information for the support calculation sectionof the system.
As the support calculation takes an order of magnitude more time than any other
of the functional segmets, it is a good approximations of the overall system perfor-
mance. With only one devicewe can beat the much faster clocked dual device Xeon
madine by 4x. More importantly, the systemhasessetially perfect systemscaling,
asead additional FPGA reducesthe number of passesf the databasethrough the
system. All that is requiredis 20 bits of data commnunication at 112MHz betweenthe
devicesfor passingthe 2-byte item datapath, the stall signal,anda ag signal. Figure
6 illustrates the scaling performanceof the design. Scalingis linear with number of
devicesuntil 64 devices. Granted, this would be expensiwe, but from a performance
point of view it is worthwhile. While we only do timing analysisand simulation of
the systolic array in this paper, we plan on implemerting the cortroller on either the
PPC-4050n the Virtex-I | Pro or in oneof the SRC high-end platforms [16).
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m | num_candidates | 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 11

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 transaction: 26 seconds

Table 4: Performanceanalysisfor nt = 4000000at 112 MHz, na= 560. Number of
candidatesbasedon T40110D100K dataset.

1000

100

# of total passes

10 T T T T T T T T
1 2 4 8 16 32 64 128 256

# of V2P100 Units
Figure 6: Scalingbehavior for datamining system. Performancescaleslinearly until
64 units

6 Conclusion

We have shavn that FPGA implemertations of the Apriori algorithm can provide sig-
ni cant performanceimprovemen over software-basedapproades. We have obsened
strategiesinvolving the interchangeof the nestedloopsthat provide performancein a
way that is complimertary to the designin this paper. We are interestedin utilizing
the recon gurable aspect of the hardware to switch operational modesat a "sweet
spot' during execution. We are also interested in implemerting some of the more
recent (and more cortrol-intensive and memory-irtensive) approadesin hardware,
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including hash-basedtrategiessud asDHP [14] and trie-basedapproades[5], aswell
as leveraging someof the recent work in recon gurable hardware-basedneural net-
works [7]. We are alsointerestedin leveragingour experiencewith high-performance
string matching [3] alongwith a non-discreteitemset modi cation [8] for autonomous
pattern generationfor network security [15].
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