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Abstract

The Apriori algorithm is a popular and foundational member of the correlation-
baseddatamining kernelsusedtoday. However, 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-I I Pro 100 provides a 4x performance improvement
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
generatedmid-array results to a controller without chance of collision or ex-
cessive stalling. The o�-c hip bandwidth required is 250MB/s, allowing for
practical implementation with o�-the-shelf memory controllers. The o�-c hip
memory requirements are negligible.

1 In tro duction

Recent advancesin storage and data sensinghas revolutionized our technological
capability for collecting and storing data. Server logs for popular websites,customer
transaction data from network routers, credit card purchases,customerloyalty cards,
etc. produceterabytes of data in the spanof a day that is usefulas historical record
but not as useful as it could be were it e�ectively processedfor 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 progressively
grouping together frequent itemsets in large databasesgiven a particular frequency
cuto�.

While the computation and data complexity of the Apriori algorithm is very high,
little research has beendone in e�cien t implementations for hardware acceleration.
We feel that much of the disinterest in doing this work lies in the challengeof imple-
menting set membership functions e�cien tly, aswell as in the complexity of control.
We addresstheseissuesthrough hybrid systolic array-microcontrolled datapaths and
e�cien t designprinciples. This paper presents several strategieswe have developed
for adapting the Apriori algorithm to usein a systolic array [11]. We also present a
strategy called\systolic injection," a signi�cant technical contributions to the general
useof systolic arrays that allows a wide rangeof previously challengingapplications
to be implemented e�cien tly. Through the use of the systolic array we allow for
increasedfrequencyperformance,decreasedinterconnect,and simple, easily scalable
packagedunits. We implement all data and computation intensive operationswithin
the systolic array and implement all serial and control intensive operations within a
microprocessor,namely the Power PC 405 integrated with the Virtex-I I Pro device.
The devicechoice is important, as the systolic array is dependent on its data source
and sink, and for the \softwaredeceleration"[10] for control-in tensive operationsthat
takeup a small fraction of the total running time of the algorithm. Due to our stream-
ing implementation, the candidategenerationphaseof the algorithm requireordersof
magnitudelesstime than the support calculation, and overall requiresroughly 25%of
the time requiredby the fastestnon-supercomputerimplementation [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 implemented in a custom ASIC { in fact,
the simple units that make up the systolic array are designedexplicitly for easeof
ASIC implementation { the use of FPGA allows the user to utilize parameterized
designswhich allow for variable size item descriptors as well as optimized memory
sizesfor a particular problem. As well, FPGAs allow the designto be scaledupward
easily as processtechnology allows for ever-larger gate counts.

2 Related Work

As far aswe know, the Apriori algorithm hasnot beenstudied in any signi�cant way
for e�cien t hardware implementation. However, research in hardware implementa-
tions of related datamining algorithms hasbeendone[6, 12, 20, 21].

In [6, 20] the k-means clustering algorithm in implemented as an example of
a special recon�gurable fabric in the form of a cellular array connectedto a host
processor.K-meansclustering is a datamining strategy that groupstogetherelements
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basedon a distance measure. The distance can be an actual measureof Euclidean
distance or can be mapped from any manner of other data types. Each item in a
set is randomly assignedto a cluster, the centers of the clustersare computed, and
then elements are added and removed from clusters to more e�cien tly move them
closerto the centers of the clusters. This is related to the Apriori algorithm as both
are dependent on e�cien t set additions and computations performedon all elements
of those sets,but adds the distancecomputation and signi�cantly changeshow the
sets are built up. Besidesdi�ering in the overall algorithm, the structure of the
computation is also signi�cantly di�erent, as the system requires the use of global
memory, in which each unit's personalmemory is accessibleby the host controller.
By avoiding global connectionsthat violate the principles of systolic design,we can
increaseoverall systemclock frequencyand easerouting problems.

In [21] a systemis implemented which attempts to mediate the high cost of data
transfersfor largedata sets. Commondatabasescan easilyextendbeyond the capac-
it y of the physical memory, and slow tertiary storage,e.g., hard drives,are brought
into the datapath. This paper proposesthe integration of simplecomputational struc-
ture for datamining onto the hard drive controller itself. The datamining proposedby
the paper is not Apriori, but rather the problemof exactand inexact string matching,
a much more computationally regular problem comparedto the Apriori algorithm.
However, the work is useful,and will becomemoresoasFPGA performancescalesup
and signi�cantly exceedsthe data supply capabilitiesof hierarchical memorysystems.

We baseour comparisonsof hardware performanceversusan e�cien t software
implementation [5] using a trie approach aswe are unaware of any comparablehard-
ware implementations of the Apriori algorithm. Extensive research exists [9, 13] on
parallelizing correlation algorithms, but we focuson singlemachine performance.

3 In tro duction to the Apriori Algorithm

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

In the literature, an analogyto a shoppingcart is used: the set of items purchased
at one time, checked out from the library, or otherwise grouped together basedon
somecritera such as time, customer,etc. is referredto asa basket. The items within
the basket canbe the entire transaction, or there may bemultiple transactionswithin
the basket. A frequent itemset is the a set of oneor more items that often occur in a
databaseoneitem, and often occurstogether in the samebasket within the database

3



if it consistsof more than one item. The cuto� of how often a set must occur before
it is included in the candidateset is the support.

In this way, a researcher can requesta particular support valueand �nd the items
which occur together in a basket a minimum number of times within the database,
guaranteeinga minimum con�dencein the results. A popular examplein the literature
(possiblyapocryphal) is processingthe supermarket transactionsof working menwith
young children: when they go to the store after work to pick up diapers, they tend
to purchasebeer at the sametime. Thus, it makessensestatistically, if not socially
responsibly, to put a beer refrigerator in the diaper aisle.

� � � � � � � � � � 	 
 � � �

� � � �
� � � �

� � � � � � � � �

� � � � � � � � � �

� � � � � � � � �

� � 
 � � � �

� 
 � � � � �

� � � � 
 � � � � � �

Figure 1: Process
o w of the data mining system

Candidate generation is the processin which one generation of candidatesare
built into the next generation. This building processis from wherethe Apriori name
derives. Becauseeach new candidate is built from candidates that have been de-
termined apriori (in the previous generation) to have a high level of support, they
can be con�dently expandedinto new potential frequent itemsets. This is expressed
formally as follows:

8 f 1; f 2 2 Fk do
with f 1 = (i1; :::; i k� 1; i k)
and f 2 = (i1; :::; i k� 1; i �

k)
and i k < i �

k

f := f 1 [ f 2 = (i1; :::; i k� 1; i k ; i �
k)

It should be noted that only orderedsetsare utilized. Thus, when f is generated
from f 1 and f 2, the setsremainordered. Candidategenerationpairsup any candidates
that di�er only in their �nal element to generatethe next candidategeneration.

The next step of candidategenerationguaranteesthat each new candidate is not
only formed from two candidatesfrom the previousgeneration,but that every subset
of it is alsopresent in the previousgeneration,as follows:

8i 2 f : f � f ig 2 Fk

Thus, our initial candidate generationprovesby designthat if we remove either
of the last two items (i k , i �

k) from the new candidate,we will get candidatesfrom the
previous generation, namely, f 1 and f 2. The secondstep proves that 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 progressivebuild-up of candidatesis the heart of the Apriori
algorithm.

The third phase of the algorithm is the support calculation. It is by far the
most time consumingand data intensive part of the application, as it is during this
phasethe databaseis streamedinto the system. Each potential candidate'ssupport,
or number of occurrencesover the databaseset, is determined by comparing each
candidate with each transaction in the database. If the set of items that make up
the candidate appear in the transaction, the support count for that candidate is
incremented, as follows:

8t 2 T do
8c 2 C do

if c 2 t
support(c)++

The main problem with the Apriori algorithm is this data complexity. Each
candidatemust becomparedagainstevery transactiondata, andcandidategeneration
must seethe entire databasetransaction set. This gives a large running time for a
singlegeneration,O(jTjjCjj tj), assumingthe subsetfunction can be implemented in
constant time jtj. However, the parallelism contained in the loops allows for some
interesting acceleration in hardware, particularly when implemented as a systolic
array.

4 Our Approac h

Our general approach is to implement the Apriori algorithm in the most e�cien t
mannerpossible,utilizing a minimum of hardware and a minimum of time, aswell as
insuring that utilization of the hardware comparatorsis near100%.For someparts of
the implementation, namely the support calculation, this is an easytask as checking
for set equivalence is a simple operation. However, the candidate generation and
pruning operationsare signi�cantly more complicatedas they introducenew data in
the systemat unpredictable intervals. We alsomust insure that our memoriesare of
minimum sizeand yet alsobe su�cien t to store all data necessary.

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

and a comparator,which allows the output of the candidatememory to be compared
with an incoming item. Becauseall setsutilized in the systemare ordered,the equiv-
alenceand greater than signalsare all that are required to determineset equivalence
and subset functions. Thesepiecesare handled by the controller basedon the cur-
rent mode to implement the requiredfunctionality in the three computational phases.

Throughout this section,we will usethe following variables:
m, the number of items in a candidate list, also the generationnumber as one item
is addedto the list per generation
ct , the number of total candidates,
ca, the number of hardware units (ca may be lessthan ct ),
t t , the total number of items in the database,
tb, the number of individual baskets in the database

4.1 Supp ort

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

The �rst step is to load the units with candidates.Data enters at oneend of the
linear array, and, after placing the �rst candidate in the �rst unit, is forwarded to
the next unit and so on, until all units in the array are full. This requiresm ct time
overall. The time, however, may be split into multiple sectionsshould ct > ca.

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 each item arrives,
it is comparedwith the current item. If the items match, the candidate pointer is
incremented. If the item in the candidatememory is greater than the incoming item,
the counter is not incremented. In this way, a very large transaction basket can be
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streamedthrough and, if the counter pointer equalsm by the end of the transaction,
the candidatehasbeendeterminedto bea subsetof the transaction basket (it may be
possibleto increasethe bandwidth of the systemby processingseveral sub-partitions
of a set in parallel [17]). Given that the subset is a candidate, the support counter
is incremented. If the counter is less than m at the end of the transaction data,
the candidate is not present in the transaction. In either case,the unit's candidate
pointer is reset and the processbeginsagain for the next transaction basket, until
all transactionspassthrough the all of the units. This requirest t + ct cycles,and is
thus very e�cien t. If ct > ca, there is no way to avoid passingthe databasestream
through the units multiple times. This reducesine�ciency , but is still a far more
e�cien t strategy than software-basedsequential algorithms. The time given multiple
passesis as follows: if ct > ca, then the total number of passesp is dct

ca
e, and thus the

time for streamingtransactionsis dct
ca

e(ct + 1). The extra cycleis requiredto 
ush the
support data from the linear array. The support data is collectedby the controller
and storedfor the variouscontrol operationsrequiredto maintain a minimum support
level acrossall candidates.

The overall time for the support calculation is dct
ca

e(t t + 1)+ ca. After the streams
have moved through the candidates,The pipeline latency is only included once as
after the pipeline is full it remainsfull until the beginningof the next phase.
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Figure 3: Architecture detail for the hardware implementation of the support calcu-
lation

4.2 Candidate Generation

We will now describe and analyzethe candidategenerationoperation. Becauseeach
candidateis comparedagainstevery other candidate,the complexity of this operation
is m2 ct . 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 candidatedata a secondor more times. In this way, the size
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of the candidate memoriesremains set to the maximum m required, and no other
memory is required.

As in the support calculation, the �rst step here is to stream the new candidates
into the linear array, with each candidate being written sequentially into the unit
memories. This requiresct , as earlier. The secondpassthrough the array is more
complicated,asthe candidatedata must bematchedasit 
o wsthrough the array, and
data from thosecomparisonsmust be delivered to the controller within the con�nes
of the systolic array structure.

We determine the equivalenceof sets in much the sameway as we determined
if the candidateswere subsetsof the transaction baskets in the support calculation.
However, in this phasethe two setsmust only match until their penultimate item, at
which point the two items are comparedand, if the item in the candidatememory is
greater, is injected into the data stream2.

The power of the systolic array lies in the abilit y of the designer to minimize
interconnectwithin the device. Becausewe are attempting to createan areae�cien t
implementation as well as a time e�cien t one, we must minimize the datapath. If
ca 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 unnecessaryto send
out the entire candidate as the controller already has the candidatesin its memory.
It is only necessaryto forward somesort of 
ag that signi�es that a match hasbeen
found, and the controller can put the new candidatestogether during beforethe next
phase.

Unfortunately, as any or all of the units can producea 
ag at every m cycles,it
is impossibleto distinguish which of the units produced the 
ag, and when. Thus,
we must forward more information. As the datapath for streamingthe candidateand
transaction information is equal to the sizeof the candidatesin memory, and since
the �nal element of the candidate memory is all that is necessaryto create the new
candidate, we chooseto forward only the last element, appended to the candidate
data that actually causedthe match. This operation has no more expense3 than
forwarding a simple 
ag as the datapath is already in place,and makespossiblethe
decoding in the controller aswell. As discussedin Section4.4 we can reliably inject a
singleelement into the end of a candidate list without causingtrouble anywhereelse
in the pipeline. This simpli�es the controller as well, as the �rst m elements of the
new candidategenerationappear just beforethe new su�xes that will be appended
to the candidate to 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 moment 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 implementation of the candidategen-
eration

of thesephasesu�ers from the samehardware limitation problemsthat trouble the
support phase,but, as the candidatedata is ordersof magnitude smaller the penalty
for having to streamthe candidatesthrough multiple times is much lessof a problem.
Again, the number of the times the candidatesare streamedthrough the array is
given by dct

ca
e. If there are cn new candidatesgenerateswhile passingthrough, each

of those new candidatesonly stalls the pipeline by one cycle, so end with the total
number of cyclesfor the completecandidategenerationphaseis dct

ca
ect + cn .

4.3 Candidate Pruning

The last highly comparison-intensive phaseof the algorithm is determining the apriori
existenceof subsetsof the new candidateswithin the current generation. Essentially
our objective in this phaseis to take all of the newcandidatesand feedthem through
the systemagain and �nd if subsetsof the new candidatesmatch the previouscandi-
dates. Onecould, of course,simply createall potential subsetsand then streamthem
through the linear array and then remove any new candidatesin which any of the
subsetsdid not �nd a matching ancestor. However, this would require signi�cantly
more time, by a factor of m � 1.

Our approach sendsall candidatesthrough only once,but keepstrack of two pieces
of data, a) if only one item is missingfrom a given ancestorcandidate,and b) which
item. Becausea factor of m fewer candidatesarestreamedthrough the array, we have
signi�cantly lesswork to do, and a total time of (dct

ca
ecn + 1)m. We implement 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 subset is present (the entire 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 alreadybeenproved to havesubsetsin the candidategeneration
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phase) it injects the failing m matches into the stream. The controller collects the
failing match information as it exits the array and determinesif there is a failure at
each of the �rst m � 1 positions. Becausethe failing match information immediately
trails the candidate it refers to, this is a simple bitmapping operation. However, if
the na < nt , that information has to be stored by the controller for the next pass.

4.4 Stalling Systolic Arra y

The previous two sectionsare basedon the availabilit y 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 consecutive cycles,
and, without somemethod of controlling the data, could produce a tangle of data
collisions. Considerthe candidategenerationphase;(ct )2 comparisonsare made,and
should every one of the ca units produce a result (an impossibility) and attempt to
forward it in someway, the �nal unit in the chain would either have ca collisions,or
we would have to �nd someway to bu�er out ca elements within the units. Unlike an
application with a predictable maximum-sizebu�er model such as string matching
under the Knuth-Morris-Pratt algorithm [4], candidategenerationand pruning is an
unpredictable, entirely data-controlled operation. However, we can stall the pipeline
andcausethe pipelineitself to act asan e�cien t bu�er. This is possiblein data mining
whereit is lessattractiv e in mostly-real-time applicationssuch asstring matching for
intrusion detectionbecausewe have a great dealof 
exibilit y in whendata is provided
to the array.

The �rst intuition is to stall the entire pipeline, and allow the collisionsto clear.
This is necessaryin that caseto avoid data colliding in an unrecoverableway. How-
ever, in the situation of a large systolic array such as this one,global stalls are prob-
lematic for several reasons. First, it is inconvenient to have proliferation of global
routing resources;the clock is the only element absolutelynecessaryand thus we will
try to limit global routes to it. Second,several hundred stall signalscoming together
into a priorit y queuethat only needsto stall units that might collide with the request-
ing unit is unnecessaryand wasteful. This approach would require a great deal of
hardware resources.Third, stalling the whole pipeline would signi�cantly reducethe
overall utilization of the pipelineand delay termination. We chooseto pursuea more
intelligent stalling approach, instead only stalling the previous unit and letting the
stall signal propagatetoward the �rst unit in the array. This allows each injection of
data to only delay the pipelineby a singlecycle,which is the key to the exact running
time analysisin the previoussections.

Let usassumethat unit i hasfound an matching candidatesetand needsto signal
this to the controller by injecting an item into the data stream. The item is forwarded
to unit i + 1, while i � 1 receives the stalling signal. However, 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 from i � 1, otherwisethat data would be lost. This
one-element collision continuesto the �rst element 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 movement through the pipeline and the data storage
behavior within a unit.
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Figure 5: Systolic injection occursin Stage3(cycle1), and Stage2(cycle2) but does
not causeunrecoverablecollisions

We illustrate in Tables 1 and 2 two potential situations in which stalls occur
and propagateup the array without causingloss of data. The key element here is
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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1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17
1 0 1 2 3 4 5 6 7 8
2 0 1 2 3 4 5 6 7 8
3 0 1 2 3 4 5 6 7 8
4 0 1 2 3 4 5 6 7s 8
5 0 1 2 3 4 56s 7 i 8
6 0 1 2 34s 5 6 7 i 8
7 0 12s 3 4 5 6 7 i 8
8 0s 1 2 3 4 5 6 7 i 8
9 0 1 2 3 4 5 6 7 i 8   
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       Stage Number

Table 1: A single injection i , stalling the pipline by onecycle

       Stage Number
1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17

1 0 1 2 3 4 5 6 7
2 0 1 2 3 4 5 6 7
3 0 1 2 3 4 5 6 7
4 0 1 2 3 4 5 6 7s
5 0 1 2 3 4 56s 7 i
6 0 1 2 34s2 5 6 7 i
7 0 12s2 i3s 4 5 6 7 i
8 0s2 12s is 3 4 5 6 7 i
9 0s 1 2 i 3 4 5 6 7 i
10 0 1 2 i 3 4 5 6 7 i
11 0 1 2 i 3 4 5 6 7   

   
   

   
   

   
C

yc
le

 N
u

m
b

er

Table2: Two injections i colliding and causingtwo stalls to 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 been requestedfrom unit i + 1, and my stall mem is the
memory bit that de�nes how many stalls have built up due to coincidental requests.
The table has an added column, need stall now real that is the adjusted value of
need stall now to account for the de�nition of the stalling behavior, that is, a unit
cannot request a stall if it is currently has a stall request outstanding in its stall
memory.The output columns are the new stall requestsignal (routed to unit i � 1)
and the new value of the stall memory.

The intention of exhaustively enumerating the possibly situations a unit can en-
counter serves to demonstrateto the reader that there is no way for the unit to get
backed up with more than one element, and moreover, the progressive stalling can
function e�ectively in a system.
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Need stall now Stall in My stall mem Need stall 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 modi�ed
needstall now is required basedon the current state of my stall mem, asactive high
my stall mem implies that the last cycle

5 Results

Duethe lack of comparablehardwareimplementations, wecompareagainstthe fastest
software results available [5] running available databasesin standardized formats,
namely, [1]. We will baseour results on a run of the T40I10D100K dataset given a
support of 0.01. The Bodon implementation [5], running on a 2.8 GHz dual Xeon
processormachine with 3GByte RAM requires roughly 100 seconds. We baseour
comparisonson this number.

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

Table4 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 segments, it is a good approximations of the overall systemperfor-
mance. With only onedevicewe can beat the much faster clocked dual deviceXeon
machine by 4x. More importantly, the systemhasessentially perfect systemscaling,
as each additional FPGA reducesthe number of passesof the databasethrough the
system. All that is requiredis 20bits of data communication at 112MHz betweenthe
devicesfor passingthe 2-byte item datapath, the stall signal,and a 
ag signal. Figure
6 illustrates the scalingperformanceof the design. Scaling is linear with number of
devicesuntil 64 devices.Granted, this would be expensive, 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 implementing the controller on either the
PPC-405on the Virtex-I I Pro or in oneof the SRC high-endplatforms [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 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 transaction: 26 seconds

Table 4: Performanceanalysis for nt = 4000000at 112 MHz, na= 560. Number of
candidatesbasedon T40I10D100K dataset.
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Figure 6: Scalingbehavior for datamining system. Performancescaleslinearly until
64 units

6 Conclusion

Wehave shown that FPGA implementations of the Apriori algorithm canprovide sig-
ni�can t performanceimprovement over software-basedapproaches. Wehaveobserved
strategiesinvolving the interchangeof the nestedloopsthat provide performancein a
way that is complimentary to the designin this paper. We are interestedin utilizing
the recon�gurable aspect of the hardware to switch operational modes at a `sweet
spot' during execution. We are also interested in implementing someof the more
recent (and more control-in tensive and memory-intensive) approaches in hardware,
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including hash-basedstrategiessuch asDHP [14] and trie-basedapproaches[5], aswell
as leveraging someof the recent work in recon�gurable hardware-basedneural net-
works [7]. We are also interestedin 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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