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Abstract

Several kinds of scientific and commercial applicationsuieqgthe execution of a large number of independent
tasks. One highly successful and low cost mechanism forideguhe necessary compute power for these appli-
cations is the “public-resource computing”, or “desktopdGparadigm, which exploits the computational power of
private computers. So far, this paradigm has not been apigidata mining applications for two main reasons. First,
it is not trivial to decompose a data mining algorithm intalyrindependent sub-tasks. Second, the large volume of
data involved makes it difficult to handle the communicatiosts of a parallel paradigm. In this paper, we focus on
one of the main data mining problem: the extractiorcloised frequent itemsefom transactional databases. We
show that is possible to decompose this problem into inddgatrtasks, which however need to share a large volume
of data. We thus introducedata-intensive computing netwonkhich adopts a P2P topology based on super peers
with caching capabilities, aiming to support the dissetidmeof large amounts of information. Finally, we evaluate
the execution of our data mining job on such network.

1 Introduction

In this work we aim to explore the opportunities offered by Wolunteer computing paradigm for making feasible the
execution of compute-intensive data mining jobs that hawexplore very huge data sets.

This research work is carried out under the FP6 Network okeHlewce CoreGRID funded by the European Commission (Conitgl-2002-
004265).



On the one hand, during recent years, volunteer computisgoraome a success history for many scientific
applications. In fact, Desktop Grids, in the form of volugsiteomputing systems, have become extremely popular as a
mean to garnish many resources for a low cost in terms of autiweare and manpower. Two of the popular volunteer
computing platforms available today are BOINC and XtremWeb

BOINC [2] is by far the most popular volunteer computing fatn available today, and to date, over 5 million
participants have joined various BOINC projects. The cd#MBC infrastructure is composed of a scheduling server
and a number of clients installed on users’ machines. Thatddioftware periodically contacts a centralized schaduli
server to receive instructions for downloading and exegué job. After a client completes the given task, it then
uploads resulting output files to the scheduling server agdests more work. The BOINC middleware is especially
well suited for CPU-intensive applications but is somewhappropriate for data-intensive tasks due to its cerziedli
nature that currently requires all data to be served by aggobaentrally maintained servers. BOINC was successfully
used in projects such as Seti@home, Folding@home, anceEi@home.

XtremWeb [4][7] is another Desktop Grid project that, liIk©BNC, works well with “embarrassingly parallel”
applications that can be broken into many independent arathamous tasks. XtremWeb follows a centralized archi-
tecture and uses a three-tier design consisting of a waal@rordinator, and a client. The XtremWeb software allows
multiple clients to submit task requests to the system. Whese requests are dispensed to workers for execution, the
workers will retrieve both the necessarily data and exddet® perform the analysis. The role of the third tier, adlle
the coordinator, is to decouple clients from workers andtardinate tasks execution on workers.

On the other hand, due to the exponential growth of the inédion society, data mining applications need to deal
with larger and larger amounts of data, so that, in the fytiley will likely become large scale and expensive data
analysis activities. However, the nature of data minindiapfions is very different from usual “@home” applicatson
First, they are not easily decomposable into a set of smaéipendent tasks. Second, they are data-intensive, that is
any sub-task needs to work an a large portion of data. Thesissues make it very challenging to distribute sub-tasks
to volunteer clients. In fact, neither BOINC or XtremWeb dagilize ad hoc algorithms for the propagation of large
amounts of data. Nevertheless, we believe that data minaygtake advantage of a volunteer computing framework
in order to accomplish complex tasks that would be otherimisactable.

In this paper we focus on th@osed frequent itemsets mining problé@+IM). This requires to extract a set of
significant patterns from a transactional dataset, amomgniles occurring not less than a user defined threshold.

We also introduce a novedhata-intensive computing netwomkhich is able to efficiently carry out our mining task
by adopting a volunteer computing paradigm. The networkaitgocaching techniques across a super-peer network
to leverage the cost of spreading large amounts of data theattomputing peers.

Some previous efforts aimed at exploiting Grid functiotiedi and services to support distributed data mining
algorithms. Grid Weka [8] and Wekad4WS [10] extend the Weldadkibto enable the use of multiple computational
resources when performing data analysis. In those systeses,of data mining tasks can be distributed across several
machines in an ad-hoc environment. However, they do notmgdecentralized or peer-to-peer technique to improve
scalability and fault-tolerance characteristics.

We used an ad hoc simulator, fed with statistics concerniegeCFIM application, in order to evaluate our data-
intensive computing network. To the best of our knowledbss is the first time that the deployment of a complex
data mining task over a large distributed peer-to-peer ot shown to be effective.

2 Parallel Mining of Closed Frequent Itemset

Frequent Itemsets Mining (FIM) is a demanding task commoageteeral important data mining applications that
look for interesting patterns within databases (e.g., @ation rules, correlations, sequences, episodes, fitassi
clusters). The problem can be stated as follows. et {a4,...,ap } be a finite set oftemsor singletonsand let
D = {t,...,tn} be a dataset containing a finite sett@nsactions where each transactidns a subset of. We
call k-itemset a set ok items] = {i1,...,ix | i; € Z}. Given ak-itemsetl, let o(I) be its support, defined as
the number of transactions M that include/. Mining all the frequent itemsets frof requires to discover all the
itemsets having a support greater or equal to a given miniswpport thresholag. We denote withC the collection
of frequent itemsets, which is indeed a subset of the hugelsspace given by the power setzof

State-of-the-art FIM algorithms visit a lexicographicadd spanning over such search space, by alternating
didate generationandsupport countingsteps. In the candidate generation step, given a frequemsétX of | X|
elements, new candidateX(| + 1)-itemsetsY” are generated as supersetsXothat follow X in the lexicographical
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5 Freauent closed

Figure 1: Lexicographic spanning tree of the frequent ies)swith closed itemsets and their equivalence classes,
mined withg = 1 from the dataseD = {{B, D},{A, B,C, D} ,{A,C,D},{D}}.

order. During the counting step, the support of such canitiemsets is evaluated on the dataset, and if some of those
are found to be frequent, they are used to re-iterate theitligorecursively.

The collection of frequent itemsets extracted from a dataset is usually very large. This makedabk of the
analyst hard, since he has to extract useful knowledge frédmge amount of patterns, especially when very low
minimum support thresholds are used. Thedsef closed itemsets [11] is a concise and lossless representd
frequent itemsets that has replaced traditional pattera$i the other mining tasks, e.g. sequences and graphs.

Definition 1. An itemsef is said to beclosediff

o(I) = flg(I)) = fog(l)=1
where the composite functien= f o g is called Galois operatoor closure operatgrand the two functiong,g are
defined as follows: f(T)={ieT|VteT,ict} g)={teD|ICt

The closure operator defines a set of equivalence classetheMattice of frequent itemsets: two itemsets belong
to the same equivalence claffsthey have the same closure, i.e. they are supported by the sainof transactions.
Closed itemsets are the maximal elements of these equosatdasses (see Fig. 2).

It comes from Definition 1 that it is not easy to find the closofa pattern: either we need a global knowledge of
the dataset or a global knowledge of the collection of freqjitemsets and their equivalence classes. For this reason,
it is not easy to desing a parallel CFIM algorithm.

The first algorithm for mining closed itemsets in paralle[TNMCLOSED [9], was proposed very recently. Analo-
gously to other CFIM algorithms, MT-(SED executes two scans of the dataset in order to initializentesinal data
structures. A first scan is needed to discover frequenteitgins, denoted witlf'. During a second scan, a vertical
bitmap representing the dataset is built by consideringueat items only. The resulting bitmap has sizé| x |D|
bits, where the-th row is a bit-vector representation of the tid-ligt) of thei-th frequent item.

The kernel of the algorithm consists in a recursive procediat exhaustively explores a subtree of the search
space given its root. The input of this procedure is a seesbdidemsefl, and its tid-listg(X)*. Initially, X = ¢(0),
andg(X) = D. Similarly to other CFIM algorithms, given a closed item3etnew candidate¥ = X U+ are created
according to the lexicographic order. If a candidstés found to be frequent, then its clusure is computed &g
is used to continue the recursive traversal of the searatespa

Every single closed itemséf can be thought as the root of a sub-tree of the search spacé wdun be mined
independently from any other (non overlapping) portionte search space. Note that this is a peculiarity of MT-
CLoseD. WerefertoJ = (X, g(X), D) as gob descriptionsince it identifies a given sub-task of the mining process.

Thus, it is possible to partition the whole mining task intdépendent regions, i.e. sub-trees of the search space,
each of them described by a distinct job descripto©ne easy strategy would be to partition the search spacedzcc
ing to frequent singletons. We would obtaify | independent jobs. Unfortunately, especially with dengasis, it is
very likely that one among such jobs has a computationaltbasis much higher than all the others.

1The input should also include the set of items used to catealasures, which is not described here because of spastra@iots. Please refer
to [9].
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Among the many approaches to solve this problem, an integeste is [5]. First the costs of the jobs associated
with the frequent singletons are estimated by running amgiaigorithm on significant samples of the dataset. Then,
the most expensive jobs are split on the basis of the 2-itextisey contain.

In our setting, we are willing to address very large datadetthis case, the large number of resulting samplings
to be performed and their costs make the above strategy itabku Therefore, our choice is to avoid any expensive
pre-processing.

First, in order to obtain a fine-grained partitioning of tleach space, we will materialize jobs on the basis of the
2-itemsets in the cartesian produ®t x £'. This produces a large number of jobs and sufficient degrieiesariom
to evenly balance the load among workers.

Second, we will consider the opportunity to group togetbbesj when their number is too large. Notice that a set
of 1,000 frequent singletons results in about 500,000 j&isce such a large number of jobs will introduce a large
overhead, we will group togethérconsecutive jobs, wherk is a system-wide configuration parameter. We group
together two consecutive jobs only if they share the samfexpfeor instance{ab} and{ac} may be grouped together,
while {az} and{bc} may not.

The reason for this constraint is given by tiagtitioning optimizationsisually adopted in mining algorithm that we
want to use in our caching strategies. Suppose that a jobsmynds to the mining of all the itemsets beginning with
the a given item: then any transaction that does not contatan safely be disregarded. This technique significantly
reduces the amount of data to be processed by a single job.alBa explains why we only group 2-itemsets having
the same prefix: we group jobs together only if the share theegzojection of the data.

This data projection approach is very important in our fresméx. We can reduce the amount of data needed to
accomplish a given job, and therefore the amount of data sebethrough the netowork.

3 A Data-Intensive Computing Network

We already proposed a preliminary framework for data digsation suitable scenarios (e.g., processing of astronom-
ical waveforms, analysis of audio files [1]) in which the jg&h of an application into independent jobs is trivial and
the input dataset is the same for all the tasks. Here, theitiigois adapted for the CFIM data mining problem, in
which the specification of independent jobs is obtainedughahe MT-Q oseD algorithm and the input dataset may
be different for different jobs.

Our algorithm exploits the presence of a super-peer netfeorthe assignment and execution of jobs, and adopts
caching strategies to make the data distribution more efficiSpecifically, it exploits the presence of differentagp
of nodes that are available within a super-peer topologgetailed in the following:

e theData Sourcas the node that stores the entire data set that must be adadyx mined.

e theJob Manageis the node in charge of decomposing the overall data mirpptiaation in a set of independent
tasks, according to the MT4@sEDalgorithm. This node producesgab advertdocument for every task, which
describes its characteristics and specifies the portioneoflata needed to complete the task. This node is also
responsible for the collection of output results.

e theMinersare the nodes that are available for job execution. A minst iBsues §ob queryand adata query
to retrieve the a job and the corresponding data.

e Data-Cachersare super-peers having the additional ability to cache aatethe associated data adverts. Data
cachers can retrieve data from the data source or other delt@is, and later provide such data to Miners.

e Super-Peersodes constitute the backbone of the network. Miners cdrtiesctly to a Super-Peer, and Super-
Peers are connected with one another through a high leveh@&2m®rk. Super-peers play the rolerehdezvous
nodes i.e. meeting places for job or data providers and consuniérey match Miners’ queries witjob and
data adverts

The algorithm works as follows: when a data mining applmatinust be executed, a set of job adverts are gen-
erated by thenanagemode. Each job advert specifies the items that must be inglundéne frequent itemsets to be
mined.

An available miner issuesjab queryto retrieve one of these job adverts in the manager node. Uetleg can be
delivered directly to the manager node or, if the locatiothf node is not known (for example, if several data mining
applications are concurrently running), they can travelribtwork through the super-peer interconnections. When a
job advert is found that matches the job query, the relatedg@ssigned to the requesting miner. The miner is also
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informed, through the job advert, about the data that it séedxecute the job. The required input data can be the
entire data set stored in the data source, or a subset of it.

The miner does not download data directly by the data sobidassues alata queryto discover a data cacher.
This query can actually discover several data cachers: @ablese sends an ack to the miner. Then the miner selects
the nearest data cacher (or the most convenient data cadoedang to a given strategy) and gives it the respongjbilit
to retrieve the input data set from the data source, or froothen data cacher that has already downloaded the data.
After retrieving the input data, the cacher stores it, thassps it to the miner for job execution. Of course, in the
future the data cacher will be able to provide the data setitereniners that request it, and to other data cachers.

L e

lm. Manager

Super.Peer L ’

\ ~ ‘< fi
_ (LA * Rt - 1. job query
Super-Peer & Data Cacher 2. job assignmemnt
3. query for data cacher

” Super-Poer & Data Source 4. data cachier ack

Figure 2: Caching algorithm in a sample super-peer netwh/y) (

||
M S~e—e e 5. data cacher sefection
Super-Peer & Data Cacher ‘/B 6. query for data
7. data download
” Super.Peer & Data Source 8. data downioad

Figure 3: Caching algorithm in a sample super-peer netwayy) (

The algorithm is illustrated in Figures 2 and 3, which show/itessages exchanged in a network having 7 super-
peers (among which one is the data source and two are datarsgch job manager and several miners. In the
first figure, the minerM/, available to execute a job, issues a job query (step 1) thaels across the super-peer
interconnections and gets to the job manag&f. The job manager assigns a job to the miner and sends it the job
advert that describes the job and the input data requirdtsfexecution (step 2). Afterwords, the miner issues a query
to discover a close data cacher (step 3) and in this casevéiscovo data cachers, which advertise their presence with
an ack message (step 4). The subsequent steps of the algariéhdepicted in Figure 3. The miner selects the most
convenient data cacher, in this case the data caligr(step 5). SinceD(C; does not hold the required data, it issues

CoreGRID TR-0141



a query to retrieve it from the data source or from anothea dather that has already retrieved this data (step 6). In
this scenario, data is found in the data soutte. So, DC, retrieves data fronD.S (step 7), stores it in the cache in
order to serve future miner requests, and provides it to timem{step 8). The miner can now execute the job, and
sends the output to the job manager, through a message nat ghthe figure.

The algorithm includes a number of techniques that can ma&eution faster, depending on the state of the
network and the dissemination of data. For example, in tlse taat the cachdpC; has already downloaded data,
steps 7 and 8 are unnecessary. Moreover, a miner can exmaisults of discovery operations executed previously.
Specifically, it needs to issue a query to discover the jobaganor the data cacher only the first time that it asks
to execute a job. The next times the miner can decide to tlireghtact the job manager and the data cacher that it
has previously discovered. Finally, a miner could have thiitato cache data itself. This aspect is discussed in the
following subsection.

The presence of data cachers helps the dissemination ddigldizan improve the performance of the network. Itis
also useful to verify if miners themselves could give a cibation to speed up computation, in the case that they have
the ability and they are willing to store some input data @meral, the public resource computing paradigm does not
require hosts to store data after the execution of a job)adh ft often happens that the input data of a job overlaps,
completely or partially, with the input data of another joteeuted previously. Therefore, the miner could retrieve
the whole data set when executing the first job, and avoidsieeis data query for the subsequent job. On the other
hand, if miners have no storage capabilities, they havewmtiad the associated input data for each job they have to
execute. Therefore, two different caching strategies baen analyzed and compared:

e Strategy #1: miners cannot store dataThe miner downloads from the data cacher only the portioh®ffata
set that it strictly needs for job execution, and discarésdhata after the execution.

e Strategy #2: miners can store dataThe miner downloads from the data cacher the entire dataeséitst time
that it has to execute a job. Even though the miner will only asortion of this data set, data will be stored
locally and can be used for successive job executions.

Depending on the application, these simple strategies majgmificantly improved. One possible approach could
be to use the information present in the job adverts, in dimestrieve only those transactions of the dataset that the
miner does not already store. Indeed, a wide range of oppitigsiis open.

4 Performance Evaluation

We used an event-based simulation framework (similar toubkad in [1]) to analyze the performance of our super-
peer protocol. In the simulation, the running times of tHesjavere obtained by actually executing the serial algorithm
MT-CLOSED on specific data, and measuring the elapsed times. To modeathaik topology that approximates
a real P2P network as much as possible, we exploited the welWik power-law algorithm defined by Albert and
Barabasi [3]. This model incorporates the characteristireferential attachment that was proved to exist widely in
real networks.

The simulation scenario is summarized in Table 1.

Table 1: Simulation scenario

Scenario feature Value
Number of super-peers;, 25

Number of available minersy,,,iners 250

Average number of neighbors of a super-peer 4

Size of the input data file 300 Mbytes
Number of jobs N;op 469,200
Latency between two adjacent super-peers 100 ms
Latency between a super-peer and a local worker 10 ms
Bandwidth between two adjacent super-peers 1 Mbps
Bandwidth between a super-peer and a local worker 10 Mbps

CoreGRID TR-0141 6



The network contains 25 super-peers and 250 potential sjyimandomly distributed among super-peers. The
bandwidth and latency between two adjacent super-peess setito 1 Mbps and 100 ms, respectively, whereas the
analogous values for the connections among a super-peerlacdl miner were set to 10 Mbps and 10 ms. If during
the simulation a node (e.g., a data source or a data cached} @ simultaneously serve multiple communications
(with different miners), the bandwidth of each communigatis obtained by dividing the downstream bandwidth of
the server by the number of simultaneous connections.

The input dataset used to measure the running times of theugall T-CLOSED jobs isSynt h2GB, which has
about 1.3 millions transactions and 2.5 thousands distieis, for a total size of 2 GB. It was produced by using the
IBM dataset generator. By running the algorithm with a minimabsolute support threshold of 50,000, we obtained
the info about 469,200 jobs, that were later grouped by 10@dace the total number of jobs. The time needed to
complete the mining on a single machine was about ten houe.der to simulate a very expensive mining task, we
multiplied the running time of each job by a factor of 10 and 19 the two different sets of experiments. This is
perfectly reasonable, since the time needed to execute iagodases exponentially when decreasing the minimum
support threshold.

) Strateg)'/ #1, Ndc=10—5—
1000 ¢ Strategy #2, Ndc=10—=—

500 W

300
200 [

100 | X

TExec (h)

sof W
30
20}

10

0 50 100 150 200 250
Number of peers

Figure 4: Overall execution time vs. the number of activeersiwith strategies #1 and #2 and 10 data cachers.

Strategy #1, Nminers=156——
90 Strategy #2, Nminers=156-5— ]

TExec (h)

0 5 10 15 20 25
Number of Data Cachers

Figure 5: Overall execution time vs. the number of data cechdéth strategies #1 and #2. The number of active
miners is 150.

We used the factor 100 in the first set of experiments, andegtlesults are shown in Figures 4 and 5. Figure 4
shows the overall running time on varying the number of ngrpeers by using strategies #1 and #2, in case of 10 data
cachers. It is worth noting that, by using multiple disttdai miners, the execution time decreases from over 1000
hours to about 20 hours when exploiting strategy #1. Witatsyry #2, according to which miners can store data in
their own cache, the execution time is further reduced. Baicker downloads the entire data set before executing the
first job, and then reuses the data for all the following jobs.

The plot of Figure 4 also shows that when strategy #1 is adopteappropriate number of miners is 150, since the
overall time does not decrease if additional miners ardablai. Of course, the “optimal” number of miners strictly
depends on the problem, which impacts on data sizes and galegsing times.

Also the number of available data cachers has an importéloeirce on the overall execution time. To analyze
this issue, in Figure 5 we report the execution time obtaimitl the two strategies and 150 active miners, on varying
the number of data cachers. With strategy #1, the executimdecreases as the number of data cachers increases
from 1 to 10, since miners can concurrently retrieve datenfdifferent data cachers, thus decreasing the length of
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single download operations. However, the execution tinseeiases as more than 10 data cachers are made available.
The main reason is that many of these data cachers retrigaelidectly from the data source, so that the downstream
bandwidth of the data source is shared among a large numisenogctions. Results show that the time needed to
distribute data to more than 10 data cachers is not commhbgtthe time saved in data transfers from data cachers
to miners. Therefore an “optimum” number of data cacherslmestimated. This number is 10 in this case, but
in general depends on the application scenario, for exaopkae number and length of the jobs to execute. With
strategy #2, on the other hand, it is seen that the “optimunmilmer of data cachers is about 4; in fact, caching is
operated directly by miners, hence there is less advantelg@ve nodes that are specifically dedicated to the caching
of data.

200

Strategy #1, Ndc=10—8—
Strategy #2, Ndc=10—=—

100

50 f

30
20

TExec (h)

10

5

0 10 20 30 40 50 60 70
Number of peers

Figure 6: Overall execution time vs. the number of activeersiwith strategies #1 and #2 and 10 data cachers.
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TExec (h)
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Figure 7: Overall execution time vs. the number of data cechdth strategies #1 and #2. The number of active
miners is 60.

In the second set of experiments, we multiplied the exenutioe of every mining task by a factor 10: related
results are shown in Figures 6 and 7. Figure 6 shows the dvenaling time on varying the number of mining peers,
with strategies #1 and #2, in case of 10 data cachers. The@xetime decreases from over 200 hours to about 20
hours when exploiting strategy #1 and from about 100 houlestothan 10 hours using strategy #2.

The appropriate number of active miners is about 60, whileai about 150 when using a multiplying factor equal
to 100. This is a clue that more miners should be used as thputation load increases. Figure 7 reports the execution
time obtained with strategy #1 and #2 and 60 active minersjaoying the number of data cachers. As in the first
set of experiments, the execution time experienced wittiexjly #1 decreases as the number of data cachers increases
from 1 to 10, then it increases. ON the other hand, if strat&)is adopted, it there is no advantage deriving from the
use of data cachers, because caching is directly operateihgys and the computational load is not sufficiently high
to justify the adoption of data cachers.

5 Conclusions
In order to test our volunteer network, we chose a very tougfila dnining task. In particular, the extraction, in

a reasonable time, of all the (closed) frequent patterns fmohuge database, with low minimum support. This is
only feasible if we can exploit a multitude of computing nedike those made available by our volunteer network.
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Due to the features of the embarrassingly parallel taskaimdd, which require to effectively distribute large seits o
similar data to the miner peers, we tested an efficient datailalition technique based on cooperating super-peers
with caching capabilities. The first simulated tests of oetmork, for which we used parameters obtained from real
runs of our data mining application, are very promising.

Our approach for distributing large amounts of data acrd38Rdata mining network, opens up a wide spectrum
of opportunities. In fact P2P data mining a recently gairogsl bf interest. Not only because of the computing power
made available by volunteer computing, but also becausewfemerging scenarios, such as sensor networks, where
data are naturally distributed, and nodes of the networlnateeliable. Even if many P2P data mining algorithms,
such as clustering [6] and feature extraction [12], havelieveloped, still they suffer the cost of data dissemimatio
Not only our approach alleviates this cost, but it can ead#lsl with failure and load balancing problems. For these
reasons we believe that our proposed data-intensive camgmetwork may be a bridge towards P2P computing for
other data mining applications dealing with large amouiidata, e.g. web documents clustering, or dealing with a
distributed environment, e.g. analysis sensor data.

Many directions for future works are open. Among them, we gamtion: (i) the adoption of more advanced
strategies to disseminate and cache data in the P2P net(iprtke use of the volunteer computing paradigm to
solve even more challenging data mining problems and Ki&)testing of the presented approach on a real distributed
platform.
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