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Preface

Workshop description

Over the years the definition of high performance computing has taken on various forms as a
function of the types of technical and creative uses and the undetlying semantics of the
applications driving them. Traditional definitions often refer to the problem of using high end
parallel computers to meet the need of scientific applications. However, high performance
computing can also include the need for fast sequential algorithms that target memory and
I/O petformance. The last decade has seen the growth and importance of Gtid computing
where resources and data ate physically distributed. This has led to the development of high
petformance distributed algorithms over the Computational Grid, where privacy, security, and
resource discovery are all important issues. This year the workshop welcomes papers on all
aspects of high performance data mining. Topics of interest include (but are not limited to):

®  Grid-based data mining algorithms and systems.

= Distributed techniques for incremental, exploratory and interactive mining.
= Distributed techniques for security, privacy preserving data mining

= Peer-to-Peer Data Mining.

* High performance data stream mining and management.

= Resource and location-aware mining algorithms.

= Data mining in mobile environments.

= Theoretical foundations for resource-aware mining in a mobile, streaming
and/or distributed environment.

®  Systems support for resource and location aware data mining.

= Efficient, scalable, disk-based, parallel and distributed algorithms for large-
scale data mining and pre-processing and post-processing tasks.

= Parallel or distributed frameworks for stream management, KDD systems,
and parallel or distributed mining.

= Applications of parallel and distributed datamining (PDDM) in business,
science, engineering, medicine, and other disciplines.

Workshop History

This is the 8" workshop on this theme held annually. Traditionally, the workshop has been
held along-side the SIAM Data Mining (SDM) Conference, even if the first four editions were
organized in conjunction with IPDPS, and were held at Orlando (HPDM'98), San Juan
(HPDM'99), Cancun (HPDM'00) and San Francisco (HPDM'01).

Over the last three years the workshop has had invited papers in the areas of mobile and
location-aware data mining issues (HPDM:RLM'02), petvasive and stream data mining
(HPDM:PDS'03), and Grid data mining (HPDM:GRID'04).



Workshop Program

HPDM’05 is the 8" Annual Workshop on this theme. Tt will be held on April 23, 2005, in
conjunction with the 5" International STAM Conference on Data Mining (SDM'05). The
SIAM Conference and its satellite Workshops will be held at the Sutton Place Hotel in
Newport Beach, CA. The Sutton Place hotel is located in picturesque Newport Beach known
as the colorful coast and conveniently situated in the heart of the Orange County business
districts of Irvine and Tustin.

HPDM’05 will be a half-day Workshop, with an invited talk, and four oral presentations,
carefully selected by the Program Committee. We are indeed privileged to have Dr. Chris
Ding, Lawrence Betkeley National Laboratory, as an invited speaker at the Workshop. The
accepted papers cover a wide range of topics. S. Datta, C. Giannella and H. Kargupta present
a paper entitled “K-Means Clustering over Peer-to-peer Networks”, which discusses an
algorithm for K-means clustering of homogeneously distributed data in a peer-to-peer
network. H. D. K. Moonesinghe, P. N. Tan, M. J. Chung and M. Wu discuss the paper
“Parallel Mining of Sequential Patterns Using an Efficient Task Partiioning Approach”,
addressing the parallelization of the PrefixSpan algorithm, by taking into account some load
imbalance issues. C. Lucchese, S. Orlando and R. Perego presents the paper entitled
“Distributed Mining of Frequent Closed Itemsets: Some Preliminary Results”, which shows
how the frequent closed itemsets, independently mined from disjoint and distributed data
partitions, can be merged to obtain the global result. Finally, R. Pedersen presents the paper
“Energy Measurements for a Support Vector Machine Classifier on Micro Java and Tinyos”,
which addresses the problem of energy consumption in a sensor network, by considering a
distributed SVM-based classification is a specific example.

We thank all of the Program Committee members, whose work helped to select an interesting
program.

March 2005

S. Orlando
K. Sivakumar
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From 1993 to 1996 he worked at NASA's Jet Propulsion Laboratory on data assimilation
(SIAM News, front page, Oct 1996) and parallel computing algorithms. From 1987 to 1993
he worked at California Institute of Technology, on Caltech hypercubes with applications
ranging from Materials Science (Nature, v.344, p.485, 1990) to Computational Biology
(“Mathematical Challenges from Theoretical/ Computational Chemistry,” National Research
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K-Means Clustering over Peer-to-peer Networks

Souptik Datt& Chris Giannelld Hillol Kargupta*

Abstract nected peer-to-peer (P2P) network. We present preliminary

This paper presents preliminary work on an algorithm féfork toward the develop of an algorithr?2P K-Means,
K-means clustering of homogeneously distributed data if% Which nodes only require local synchronization. To our
peer-to-peer network. The algorithm is asynchronous dftPwledge, P2P K-means represents the first K-means clus-
each node operates locally by communicating only with #ing algorithm to operate in this fashion. .
topologically neighboring nodes. Importantly, large scal Sectlon 2 describes re!ated work: P2.P'con'tent sharing,
synchronization is not required. Empirical results shaw, flistributed K-means algorithms, data mining in P2P net-
many cases, the final centroids produced are very closéV@jks. Section 3 describes the P2P K-means algorithm.
the final centroids produced by standard K-means run ®fction 4 des_cribes the .experimental setup: simulator and
centralized data. Consequently, the number of incorrec‘ﬁ?taset- Section 5 describes the experiments conducted and

labeled data points is small. their results. Section 6 discuses several outstandingsssu
the paper.

1 Introduction
K-means clustering [5] is a well-known and well-studied ex2- Related Work

ploratory data analysis technique. The standard version @8ntent sharing in P2P networks has received a great deal
sumes that all data is available at a single location. Howed attention: However, distributed data mining in P2P
important applications exist for which data sources are d¢tworks has received very little. Wolff and Schuster [8]
tributed over a large, loosely-connected network. Calect develop an algorithm for association rule mining in a large-
the data at a central location before clustering is not aaatt Scale, dynamic P2P network. Kowalczgtil. [7] develop a
tive option. Moreover, distributed algorithms which regui framework tewscast modef) for computing basic operations
global synchronization are also not desired. like average, maximum, minimum in a large-scale, dynamic
Example: Consider a sensor network consisting of B2P network. Eisenhardt al. [3] develop a K-means
large number of light-weight, wireless, battery-powered-s clustering algorithm for a P2P network using@be-and-
sors for environment monitoring. Each sensor is measurffg© mechanism. Their algorithm is similar to ours in that
the same variables and clustering all the data in the netw¥f& Poth only transmit centroids rather than data to reduce
in a given time window can offer valuable information corfommunication load. However, their algorithm requires a
cerning environmental phenomena. Since the power requif@gplete global synchronization at each iteration, whileso
for wireless communication goes up with the square of d&€s not require global synchronization at any time. On the
tance, nodes only should communicate with others in a snfdffer hand, their algorithm is guaranteed to produce exact
radius (immediate neighbors). Moreover, the large numBgsults (.. same as K-means on centralized data), while ours
of nodes makes global synchronization undesirable. Thugrgduces an approximation. Finally, Bandyopadhgegl.
K-means clustering algorithm in this example ought to wotk] develop a non-locally synchronized K-means algorithm
in a locally synchronous manniee. nodes only synchronizein @ PZP network but use random sampling of the network
with their immediate neighbors. to reduce message load. Their algorithm is similar to ours in
This paper addresses the problem of K-means clusteriigt @an approximate result is produced. On the other hand,
of data distributed homogeneously over a large, loosely cd¥f do only require local synchronization and only require
nodes to communicate with their immediate neighbors.
Distributed clustering has been addressed as of recent
~ *Computer Science and Electrical Engineering Departmenydusity in the Distributed Data Mining (DDM) community. For a
of Maryland Baltimore County, USA. survey of clustering techniques in DDM see [6] and [1]. In

Computer Science and Electrical Engineering Departmenydisity o e 1ar, some work has been done on parallel implementa-
of Maryland Baltimore County, USA.

fComputer Science and Electrical Engineering Departmentydusity
of Maryland Baltimore County, USA. Also affiliated with AGNIKLC, ISee Androutsellis-Theotokis, http://citeseer.ist.pdulandroutsellis-
Columbia, MD USA. theoto02survey.html for an overview.



tions of K-means. Dhillon and Modha [2] divide the dataset
into p same-sized blocks, then, on each iteration, each of (k)| (k)
the p processors updates its current centroids based on its @ ZNke(Resp“‘)U{Ni}) W, |wj,£ |

. . v =
block. The processors broadcast their centroids and cluste ittt Z . |w(,k)|
. . Ni€(Resp®WU{N;}) 1%5,£
counts. Once a processor has received all the centroids from
other processors it forms the global centroids by weighted | maw{”z}(? _ (i2+1\| :1<j<K}>~(auser
7€ Js - -

averaging. Each processor proceeds on to the next iteratigstined parameter), then nodé goes on to iteration + 1.

Forman and Zhang [4] take a similar approach, but extefgherwise it enters the terminated state (described ir@ect
it to K-harmonic means. Note that the methods of [2] angp).

[4] both start by partitioning then distributing a centzai

dataset over many sites. This is different than the settiag Wo sSome Details Initialization: The initial centroids

consider: the data is never centralized, it is inherently d'{v(ii : 1 < j < K} are chosen randomly, but are the

tributed. However, we directly employ their idea of sendingsrme for each node. The node which initiates the algo-

around centroids and updating based on weighted averagiifim chooses the initial centroids, then propagates them t
its neighbors. Once a node receives the initial centrotds, i

3 TheAlgorithm propagates them to its neighbors, then begins iteration one

Below we describe our P2P K-means algorithm. The goal Poll response: Suppose nodéV; receives polling mes-

is for each node to converge on a set of centroids that aresage(h, ¢) during its iteration/. The message came from

close as possible to the centroids that would be producediayle N, during its iteration/. N; must determine how to

first centralizing the data, then running K-means. respond. I < ¢, thenN;’s history table contains its local
centroids and their cluster counts from iteratibnHence,
3.1 Basic Algorithm Let Ni, No,..., N, denote the N;, sends these immediately in a response messagg, to

nodes in the system each with data%ét The global datasetIf / > ¢, then ;s history table does not contain local cen-
is denoted a& which equals J}"_, X*. Let Neigh(® denote troids for iteration/. So, poll messagéh, ¢) is placed in the
the set of nodesV; is directly connected to at a given timeol| table. If / = ¢, thenN; checks if its history table con-
i.e. the immediate neighbors d¥;. We assume that eachains local centroids and their cluster counts for iteratio
node can reliably comput&eigh at any given time. As a |f so, these are sent . If not, (h, ¢) is placed in the poll
consequence, for example, each node can determine iftHifle.

link to any of its immediate neighbors from a previous time  Finally, NV; must also check its poll table during iteration

has gone down. o ¢. This is done immediately after producing the local
At the beginning of iteratior?, node N; has a set of centroids and their cluster counts. For all poll messages
centroids,{v](fg:l < j < K}. Node N, first carries out (hq,£),--, (hny,£,) inthe table V; sends its local centroids

one round ofK-means on its local datx’ using {Uﬁ . and thelr"cluster counts mha responsedr?essar?e tc;):eﬂach
1 < j < K}. The result is a new set of centroids and thelf€se poll messages are then removed from the table.

. i i . Termination: As described in Section 3.1, a nod¥;
associated cluster cou O 1< j < K'Y where . ' o
r’{tSwM ‘wﬂ") =j= K} can enter a terminated state, say at the end of iterdtion

|wﬁ| is defined as the number of tuples Ky for which  Once this happensV; no longer updates its centroids or
wj(zz is close? than any othelw,(f’)l, h # j. The collection sends polling messages. However, it does respopd to polling
{(w§2-|w.§-2|> .1 < j < K} is stored in thehistory table messa_geelz,f;) ?]s foll:)ws. If¢ <, tr;enNi Ioc_)Ak_s L.Jplrtf local
whose purpose will be explained in Section 3.2. centroids and their cluster counts for iteratioim its history
Node N; sends a poll messagéi, (), to each node table. They are immediately sent in a response message to

Ny € Neigh™ (the purpose of the iteration number wilVe- If ¢ > ¢, thenN; looks up its local centroids and their
be explained in Section 3.2). Once al}, have responded counts for iteratiorf and sends these in a response message

or cease to be neighbord]; continues. LetResp(?) denote to Np.

the set of nodes that did respond. Each response messagd\Ot€ that, no node has an explicit condition under which
from node N, € Resp contains the locally updateda" activity stops. However, once a node enters the terrathat

centroids and cluster counts at nodg during iterations, State, it no longer sends polling messages, only responses.
i.e the response gk {(w(k) |w(k)|)_1 < j < K}). Node Therefore, once all nodes enter into the terminated sthte, a
= R N N :

N, updates itsj" centroid as follows (producing the* communication ceasé®. the algorithm has terminated.

centroid at the beginning of iteratidn+ 1): 3.3 Analysis Consider P2P K-means at some fixed mo-

ment in time. Let/ denote the maximum number of
ZIn our experiments we used Euclidean distance. iterations carried out by any node and Iét denote



max{Neigh® : 1 < i < n}. Now we provide worst-case
space and communication analysis of P2P K-means with
specttol, L, K, andn.

At any given nodeV;, the space required is proportiong
to the size ofV;’s history and poll tables. Clearly the histor
table is of sizeO(/K) since the local centroids and thei
cluster counts are added for each iteration. The poll table
of sizeO(IL), since each ofV,’s neighbors sends one poll
messages per iteration, thus, a maximund ger neighbor.
Therefore, the total space 3(I(K + L)). The number of
messages (4 byte numbers) transmitted\pyis O(ILK).
This is becaus#&V; sends a poll message (si2€1)) to each
neighbor at each iteratio®( 7 L) in total). On top of this}V;
sends a response of sigd K') for each entry of the(IL) »
entries in its poll table@(I LK) in total). Therefore, total 2 U 0 w 20 X 0
number of messages@(/L + I LK).

Hence the total amount of space and communication
over all nodes i®©) (nI(K + L)) andO(nI LK), respectively. Figure 1: Experimental dataset
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4 Experimental Setup

We tested our algorithm in a simulated environment run ¢mat network communication dominates local computation
a single machine. First we describe the simulator (Secti@ reasonable assumption if the local datasets are small).
4.1), then the dataset used (Section 4.2). Thus, local computation time is not considered in the sim-
ulation. In one clock tick, each node is able to carry out
4.1 Simulator Our simulation consists of two parts: thene round of K-means producing local centroids and cluster
network topology with edge delays; the message passewynts {(w, |w|)}) and send polling requests to all neigh-
and local computation behavior. For the network topolodpprs. The remainder of the iteration will require more clock
and delays, we have used one of the standard Internet toioks until all responses have arrived. Once all responses
ogy generators, BRITE It produces a weighted graph witave arrived, the node updates its old centroids without any
edge weights representing communication delays (in mSadditional ticks and, moreover, processing poll requests f
onds). We have used flat level ‘Autonomous System’ (A8}her nodes does not incur any additional clock ticks.
with Waxman model to simulate the network in BRITE, Since the simulator operates on global clock ticks rather
where two nodes u and v are connected with a probaltilan wall clock time, the BRITE map edge delays must be
ity P(u,v) = ae~4w)/BL wherea =0.15 ands = 0.2. converted from mSeconds to number of clock ticks. To do
An ‘incremental growth’ version of the Waxman model witlthis, we assume a clock tick in 500 mSeconds and round
random node placement is used during topology constredge delays to the nearest multiple of 500 mSeconds.
tion. A new node surveys the existing nodes in the graph
in each step and connects to m @) of them with the said 4.2 Dataset We conducted all the experiments with a 2D
probability. Other parametérsised are HS= 1000, LS= synthetic data set generated from ten multivariate Gauissia
100 (size of the plane), constant bandwidth distributiothwidistribution, Figure 1. The dataset H&&00 points and sig-
Max BW = 1024, and Min BW= 10. In our experiments, nificant overlap between the clusters. The data is disgtbut
we do not consider the effect of edge or node failures or edgeer different nodes in the network by uniform random sam-
or node additions.e. the topology remains fixed throughoupling. We assume the data remains static throughout each
each experiment. experiment.
For the message passing and local computation behav-
ior, our simulator operates with respect to a global clock. Results

At each clock tick, the state of the network is updategye varied the number of nodes from 50 to 500 and mea-
For each message in flight, its number of ticks to arrivg{ired communication complexity of P2P K-means as well as
s decremented. If the message has arrived, it is copjgdaccuracy with respect to the centralized K-means. In all
into a buffer associated with the arrival node. We assumgyerimentsy, the termination parameter, is set to one. We
also start the simulations with each node having the initial
T Iawew.cs.bu.edu/brite centroids (same for each node) thereby ignoring the initial
“4Refer to BRITE documentation for details. propagation delay. However, since we assume the network



topology remains fixed in each simulation, the initial prop- The results for AED are consistent with the above
agation of centroids from a leader node to all other nodelsservations. Indeed, for less than 400 nodes, the AED is
merely increases the number of global clock ticks for th more than 0.523 and an order of magnitude less in more
simulation to complete. It does not affect the accuracy cases. Given the range over which the dataset spans (more
the number of algorithm iterations to completion. Averaghan 50 units in each dimension), this is quite small. Also,
immediate neighborhood length4sper node. The numberfor less than 400 nodes, there appears to be no significant
of clusters (K) in all simulations is set to 8. Note that thepward trend, thereby, supporting the claim that accuracy
dataset is made up of 10 Gaussian distributionsl0 natu- scales well.
ral clusters. Our choice of K is intended to test the alganith  The effect of topology on Accuracy: We expect the
in less than optimal conditions. performance of P2P K-means to diminish at the topology
becomes “thinner” — nodes have fewer neighbors. To test
5.1 Accuracy Accuracy is measured as follows. Thehis claim, we simulated our algorithm on a straight-line
initial centroids are labeled, ..., K (the same centroidstopology. Delays were assigned to edges uniformly between
for each node and for the centralized K-means). For edchnd 5 (clock ticks). The results are shown in Figure 3. For
x € X, let L...t(x) denote the label of the cluster to whiclbrevity we do not show AED for each node, but, it does not
x is assigned at the end of the centralized K-means. Assuemeeed 1.7 in any case and in the vast majority is less than
x appears at nodd’; i.e. x € X@. Let L,9,(x) denote the half this amount.
label of the cluster aWv; to whichz is assigned once the node  As expected, we see a large increase in the average
reaches the termination state. Tieecentage of mislabeled number of iterations and the percentage of misclassified

points (PMP) is points over the BRITE topology case. The PMP becomes
as large ag1%. While this is not great accuracy, it is decent
100[{z € X : Leent(w) # Ly2p(2)} considering the straight-line topology represents a waarse
| X| ’ for our algorithm. Moreover, the PMP trend suggests good

@) h ) scalability with respect to accuracy. Interestingly, PMP
Let v; | denote the;"" centroid at nodeV; once the gppears talecrease (unexpected result). We don't yet have
termination state is reached. Lsgt, denote thej'” centroid an explanation for this observation.
in the centralized algorithm once it terminates. Hverage
Euclidean distance between thg*" centroid in P2P K-means5.2 Communication Complexity We measure the com-

and centralized K-means (abbreviated "AED j”) is munication complexity of P2P K-means by counting the
_ number of messages passed during a simulation. Each mes-
S ij(-fi — V]| sage is a 4 bytes numbey. a floating point number. The
n : purpose of doing so is to assess scalability in terms of com-

Figure 2 depicts the accuracy of the final centroidrgumcauon load. Figure 4 shows the variation of communi-

produced by P2P K means. The top row depicts the numggpon cost with respe_ct t(.) the number of sites. The r_esults
suggest that communication cost scales faster than linearl

of nodes in the network _and t_he ngxt row, AI’ depicts ﬂ}e the BRITE topology, but not so with straight. Using em-
average number of algorithm iterations carried out over all.
irical values ofl, L, K, andn, we computed the asymp-

nodes. The maximum and minimum in all cases is no m bfic communication complexity derived in Section 3.3. The
that 1.5 away from the average. For more than 350 sites, Re plexity -

simulation is forced to stop aft800 global clock ticks due to results are always0 to 40 times greater than the observed

memory constraints. Note, however, this is only a Iimitatioemplrlcal communication complexity for the BRITE topol-

of the simulator, not the algorithm. Moreover, more tha%gY’ and roughlys times for the stra!ght line topology. This
. L Indicates that the worst case has either a very small canstan
90% of the nodes had reached their termination state.

The results show that P2P K-means clusters most of ﬁlré)roduces a loose bound.
data points correctly as PMP is no more tHas8% for 350
or less nodes and no more thar25% for all simulations. . ) ] . )
The sharp increase beyond 350 is due to the fact that pghis section, we discuss several issues that remain to be
simulator was stopped early (300 global clock ticks). TheAgldressed or require further discussion.
appears to be no significant upward trend as the number of ) ) _
nodes increases to 350, thereby, suggesting that PMP sc&fks Algorithmic Issues Below we describe how P2P K-
well with number of nodes. However, this claim need g@eans could be modified (if necessary) to address several
verified with larger numbers of nodes, thus, requiring tifitstanding algorithmic issues.

memory constraints of the simulator to be addressed; we Node failure or topology change: If a node leaves
leave this to future work. the network, as explained in Section 3.1, its neighboring

6 Discussion



50 100 | 150 200 250 300 350 400 | 450 | 500
Al 16 21 135 14 195 | 125 225 | 345 | 345 | 345
PMP 198 | 188 | 1.78 | 1.73 | 1.82 | 1.58 204 | 247 | 3.71 | 7.25

AED1 || 0.187| 0.229| 0.036| 0.0513| 0.068 | 0.0089| 0.0084| 0.021| 0.008 | 0.012
AED 2 || 0.523| 0.177| 0.284| 0.331 | 0.056| 0.158 | 0.105 | 0.011| 0.064 | 0.134
AED 3 || 0.022| 0.057 | 0.007| 0.025 | 0.043| 0.032 | 0.011 | 0.045| 0.129| 0.021
AED 4 || 0.024| 0.035| 0.025| 0.003 | 0.059| 0.007 | 0.011 | 0.034| 0.013 | 0.002
AEDS5 || 0.092| 0.010| 0.025| 0.038 | 0.026| 0.007 | 0.013 | 0.053| 0.014 | 0.032
AED 6 || 0.019| 0.024| 0.008| 0.046 | 0.008| 0.005 | 0.012 | 0.042 | 0.007 | 0.004
AED 7 || 0.036| 0.077| 0.008| 0.067 | 0.008| 0.027 | 0.011 | 0.030| 0.013 | 0.030
AED 8 || 0.015| 0.014| 0.011| 0.005 | 0.039| 0.014 | 0.015 | 0.041| 0.004 | 0.024

Figure 2: Accuracy of P2P K-means.

50 100 150 200 | 250 | 300 | 350
Al 715 | 775 | 101.5| 101.5| 62.5| 80.5| 59
PMP || 10.17| 11.04| 10.81| 11.01| 7.01| 7.93| 6.91

Figure 3: Accuracy of P2P K-Means (straight-line topology)

o X10 a more complicated set of modifications is needadwill
S— need to synchronize itself with its neighba¥gigh(N). A
simple way to do this is as follows.

1. N polls its neighbors and ead¥; € Neigh(™N) returns
its current iteration?; and all centroids and cluster
counts.

2. N sets its iteration number t6 = min{¢; : N; €
Neigh™)}, and its centroids as follows. Choose
N; € Neigh™) whose iteration number is(break ties
arbitrarily). For alll < j < K, setv%) to U](zz

Number of messages

3. N begins iteratiorf as described for P2P K-means.

All immediate neighbors ofV which are not in the

o ‘ ‘ ‘ ‘ ‘ ‘ ‘ ‘ “terminated” state would simply wait until the next iteti
50 100 150 200 250 300 350 400 450

Nomer of nodes *hefore pollingN. However, immediate neighbor§ that
were in the terminated state ought to consider becoming
Figure 4: Communication complexity active again. To do thislV polls N for its local centroids

and cluster counts (the’s). N computes an update of
its centroids and if the resulting centroids have changed
nodes will discover this and move on to the next iteraticignificantly, N becomes active again and sends a message
without it. Likewise, if an edge goes down, the noddse all its immediate neighbors. If any of these neighbors are
involved will detect the change. These nodes will refrain the terminated state, they follow the same procedure to
from waiting on neighbors no longer accessible. Hence, tihetermine if they should become active.
algorithm requires no conceptual change to deal with these Data change: If the data at a nodé&’ changes and th&
cases (however, accuracy may suffer). is not in the terminated state, its behavior need not change.
If a new edges come up, all associated nodes will di§-V is in the terminated state, it must determine whether or
cover this and, therefore, detect new immediate neighbarst to become active again. To do thi¥, recomputes its
A simple way to augment P2P K-means is to have all assocal centroids and polls its immediate neighbors for their
ciated nodes wait until the next iteration before consitgricentroids and cluster counts. Thé&hupdates its centroids
the new neighbors. and if the resulting centroids have changed significarly,
Node addition: If a new node,N, joins the network, becomes active again.



In either case, thoughy sends a message to all its im-[1]
mediate neighbors indicating a data change. Neighbors not
in the terminated state, can ignore the message. Neighbors i
the terminated state will determine whether to becomeactiv
using the same technique as described above in the “Nokfe
addition” case.

6.2 Synchronization P2P K-means does not requirer,
global synchronization in the sense that all nodes in the net
work must be on the same iteration. However, the algorithm
is not completely asynchronous in the sense that any node
can be on any iteration with respect to any other node. THé]
algorithm requires local synchronization in the following
sense. Since a node must wait for responses from its imme-
diate neighbors (unless they go down), it cannot move moteél
that one iteration beyond them. Hence the difference in it-
eration number between two nodes is always upper boundﬁﬂ
by the number of network links between the two nodes.

7 Conclusions and Future Work

We have considered the problem of K-means clustering on
data homogeneously distributed over a P2P network. W&l
have presented preliminary work on the development of a
locally synchronous K-means algorithm for P2P networks.
Nodes only communicate and synchronize with their topo-
logically immediate neighbors. Empirical results show, ir‘lg]
many cases, the final centroids produced are very close to
the final centroids produced by centralized K-means. Con-
sequently, the number of incorrectly labeled data points is
small. The communication, however, seems to scale faster
than linearly with the number of nodes.

Several algorithmic and experimental issues remain to
be addressed in future work.

1. Implement the algorithmic changes discussed in Sec-
tion 6 to address the issue of new nodes coming into the
network and non-static data.

. Carry out a more elaborate set of experiments to assess
accuracy with respect to (i) varying degrees of data
heterogeneity.e. the data is not split uniformly across
all nodes from the central dataset; (ii) data and topology
changes.

Acknowledgments

We thank the U.S. National Science Foundation for sup-
port through award 11S-0329143 and CAREER award 11S-
0093353. We also thank NASA for support through grant
NAS2-37143. Finally we thank Kun Liu, Sanghamitra
Bandyopadhyay, Ujjwal Maulik, and Ran Wolff for their
valuable contributions.

References

Bandyopadhyay S., Giannella C., Maulik U., Kargupta H.,
Liu K., and Datta S. Clustering Distributed Data Streams in
Peer-to-Peer Environmentsnaformation Sciences (in press),
2005.

Dhillon I. and Modha D. A Data-clustering Algorithm
on Distributed Memory Multiprocessors. IRroceedings

of the KDD’99 Workshop on High Performance Knowledge
Discovery, pages 245-260, 1999.

] Eisenhardt M., Muller W., and Henrich A. Classifying

Documents by Distributed P2P Clustering.Rroceedings of
Informatik 2003, Gl Lecture Notes in Informatics, Frankfort,
Germany, pages 286—291, 2003.

Forman G. and Zhang B. Distributed Data Clustering Can
Be Efficient and Exact. S GKDD Explorations, 2(2):34-38,
2000.

Han J. and Kamber M.Data Mining: Concepts and Tech-
niques. Morgan Kaufman Publishers, San Francisco, CA,
2001.

Kargupta H. and Sivakumar K. Existential Pleasures of
Distributed Data Mining. IrData Mining: Next Generation
Challenges and Future Directions, edited by H. Kargupta, A.
Joshi, K. Svakumar, and Y. Yesha, MIT/AAAI Press, pages
3-26, 2004.

Kowalczyk W., Jelasity M., and Eiben A. Towards Data
Mining in Large and Fully Distributed Peer-To-Peer Overlay
Networks. InProceedings of BNAIC' 03, pages 203-210,
2003.

Wolff R. and Schuster A. Association Rule Mining in Peer-
to-Peer SystemsIEEE Transactions on Systems, Man and
Cybernetics - Part B, 34(6):2426—2438, 2004.



Parallel Mining of Sequential Patterns Using

an Efficient Task Partitioning Approach
H. D. K. Moonesinghe, P. N. Tan, M. J. Chung, M. Wu

Department of Computer Science & Engineering
Michigan State University
East Lansing, Ml 48824

moonesin, ptan, chung, wuming@cse.msu.edu

ABSTRACT

In sequential pattern mining the availability of large
databases and the generation of massive number of
frequent subsequences demand scalable high
performance solutions involving multiple processors.
To address this issue, this paper presents an efficient
scalable parallel algorithm based on the PrefixSpan
sequential pattern mining algorithm. We use task
parallelism approach and experiment with several static
task partitioning techniques to partition the tasks
among processors. Although static task partitioning has
the advantage of simplicity in terms of both
implementation as well as overhead, it is difficult to
precisely estimate the actual workload. To overcome
this issue we propose dynamic task partitioning
technique that estimates the actual workload by
allocating the tasks one at a time to a processor,
whenever it becomes free. Moreover, to ensure that the
load of each processor is equal, we have extended our
approach by including a dynamic subtask partitioning
mechanism, where subtasks of the given task is also
partitioned among the free processors when load
imbalance is detected. Experiments on a 16 processor
distributed memory environment show good speedups
and scalable performance over different processors and
problem sizes. Using our dynamic partitioning
technique, we report an average speedup of 13.2 on 16
processors, for different problem sizes.

Keywords
Sequential pattern mining, parallel processing, data
mining.

1. INTRODUCTION

Sequential pattern mining has become an essential data
mining task to discover previously unknown patterns in
vast amount of data. Such knowledge discovery task
provides a lot of useful information. For example,
analyzing customer buying patterns from sales data
collected over a period of time can be used for
projections and forecasting. Several algorithms have
been proposed such as GSP [4], SPADE [6], FreeSpan
[5], SPAM [7] and PrefixSpan [3] in the past to find

sequential patterns in a sequence database. When
considering the availability of massive volume of data,
discovering all frequent sequences is still a major issue.
The search space is quite large and the serial
algorithms are not scalable for large datasets. To
address this, it is necessary to study scalable parallel
implementations of sequence mining algorithms.

A number of algorithms for parallel sequential
mining can be found in the literature; e.g. [2, 8, 9, 10,
14]. Several parallel versions of the GSP algorithm are
proposed by Shintani & Kitsuregawa in [14], for
distributed memory environment. Their method
partitions the database equally among the processors
and exchanges remote database partitions in each of the
iterations. Thus it requires high communication cost
and synchronization overhead. Parallel version of the
SPADE algorithm on shared memory environment was
proposed by Zaki in [2]. The algorithm uses a shared
database among the processors and an efficient
dynamic load-balancing scheme.

In this paper, we present a parallel algorithm based
on the PrefixSpan sequence mining algorithm,
targeting a distributed memory environment.
PrefixSpan [3] is an efficient sequence mining
algorithm, which uses prefix based projection and
depth first search strategy to generate sequential
patterns. PrefixSpan reports fast execution time and
consumes less space. Although this algorithm is
efficient, when compared with the previously available
sequence mining algorithms, it still consumes a lot of
computational resources when support threshold is low
or the patterns become long [12, 8].

In our proposed parallel algorithm, we decompose
the mining phase into a set of prefix-based
subsequences called tasks. We use task parallelism
approach and partition the tasks among available
processors using static and dynamic task partitioning
techniques. Each task can be mined separately in main
memory without sharing or synchronization. We have
used several static task partitioning techniques based
on support count of the items. Also, we have proposed
dynamic task partitioning technique suitable for
distributed memory environment. In this technique,
whenever a processor becomes free it obtains a task



from the shared pool of tasks and balances the
workload evenly at run time. We have also extended
this with a dynamic subtask partitioning mechanism,
where unprocessed subtasks of a task are partitioned
among the available free processors whenever a load
imbalance is detected. The key features of our
approach are:

(1) Our algorithm is an asynchronous algorithm
where processors work on separate tasks without
sharing or synchronization, except when a load
imbalance is detected at the end.

(2) We use simple and efficient task scheduling
technique based on actual workload, and an
efficient subtask partitioning mechanisms for
load balancing.

(3) Also, our algorithm has low communication
overhead, which is important for a distributed
memory  environment like  cluster of
workstations.

We have tested our algorithm using various
datasets including several real-world datasets, on a
cluster of 16 workstations. With dynamic task
partitioning technique we achieved higher speedup
improvement, compared to static task partitioning
techniques and, an average speedup of 13.2 on 16
processors, for different problem sizes. Sutou et al. [8]
have developed a parallel implementation of the
PrefixSpan algorithm using a dynamic task partitioning
mechanism. Our approach is different from their
approach as we use an efficient dynamic subtask
partition mechanism to balance the workload, when
load imbalance is detected. Our subtask partitioning
scheme delivered on average 48% speedup
improvement over non subtask partitioning scheme
such as [8] on 16 processors for skewed data sets,
where tasks shows significant difference in workload.
Even the static task partitioning techniques proposed in
this paper, showed reasonably good speedup for
datasets that are not skewed. Our dynamic task
partitioning algorithm with sub task partitioning
mechanism delivered higher speedups for almost all
types of databases tested.

The rest of the paper is organized as follows:
Section 2 describes sequential pattern mining and the
serial algorithm. Section 3 describes in detail the
parallel execution model and our parallel algorithm.
Section 4 presents the evaluating environment and the
results. Section 5 concludes the paper.

2. SEQUENCE MINING

The problem of mining for sequential patterns was
introduced by Agrawal et al [1]. It can be stated as
follows: Let I = {i;, i, ...,i,,} be a set of m distinct
items. An itemset S; is a non-empty subset of items; i.e.

S; < I. Itemset with k items is called a k-itemset. Also,
an item can occur only once in an itemset.

A sequence is an ordered list of itemsets, denoted
by <S;, o, ...,5,>, where S; is an itemset. Itemsets in a
sequence are ordered according to their timestamp. We
assumed that items of an itemset are sorted in
increasing or lexicographic order. The Length of a
sequence is the number of items in that sequence. A
sequence with k items is called a k-sequence.

A sequence database D consists of set of data
sequences. The support of a sequence S is defined as
the fraction of total data sequences that contain S. A
sequence is called frequent if its support is above a
user specified minimum support threshold. Given a
database D of sequences and support threshold ¢, the
problem of mining for sequential patterns is to find all
frequent sequences in the database.

2.1 Serial PrefixSpan Algorithm

PrefixSpan [3] is a fast sequence mining algorithm that
generates complete set of frequent patterns using
prefix-based  projection. It examines  prefix
subsequence and projects the corresponding postfix
subsequence into a database called projected database.
Projected databases are constructed for each prefix
subsequence. Using the projected database, local
frequent items are determined and appended to the
prefix subsequence of that projected database
recursively to form sequential patterns.

Consider the sample database of 4 sequences:
{<(ab)(b)(ae) (bo)>, <(bcd)(b)(cdf)>,
<(a)(abc)(bc)(e)>, <(b)(cd)(abd)(ad)>}. By scanning
the database we can find length-1 sequential patterns
with a minimum support of 2. They are {<a>:3, <b>:4,
<c>4, <d>2, <e>:2}, where <pattern>:count
represents the frequent pattern and its associated
support count.

In PrefixSpan algorithm, subsequent sequential
patterns can be found by constructing corresponding
projected database. For prefix pattern <a>, a-projected
database is  {<(_b)(b)(ae)(bc)>, <(abc)(bc)(e)>,
<(_bd)(ad)>}, where (_b) means the last element in the
prefix (i.e. a) together with b form one element [3].
Similarly projected databases are built for other prefix
patterns <b>, <c>, <d> and <e>.

By scanning projected database once all frequent
items i are found such that i can be assembled to the
last element of prefix pattern or (i) can be appended to
prefix pattern to form a sequence [3]. For example,
scanning a-projected database all length-2 frequent
pattern with prefix <a> can be found as {<(a)(a)>:3,
<(ab)>:3, <(a)b)>2, <(a)c)>2 <(a)e)>:2}.
Subsequent patterns can be mined by constructing
respective projected databases as before, and mining
each recursively.



The major cost of PrefixSpan algorithm is the
construction of projected databases. To reduce this
cost, pseudo projection technique has been proposed in
[3]. Here instead of physically copying the postfix
sequences of the database, pointers are used to refer to
the sequence in the database.

3. PARALLEL FORMULATION

Our parallel formulation can be best understood when
we analyze the computations performed by the
PrefixSpan algorithm. We can see the computations of
the PrefixSpan as dynamically expanding irregular sub-
trees, each rooted with a prefix subsequence as shown
by Figure 1. Also note that the computations at each
node and its sub-tree become independent from other
nodes and their respective sub-trees.
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Figure 1: Search space of the PrefixSpan algorithm.

We choose task parallelism approach as the main
paradigm to implement our parallel PrefixSpan
algorithm. In our approach each processor is assigned a
task or a set of tasks, based on the partitioning
technique discussed later, and it then proceeds to
independently grow the entire sub-trees rooted at those
tasks.

In our parallel algorithm, we decompose search
space of the PrefixSpan into a set of independent tasks
such that the number of tasks (k) is larger than the
available number of processors (P). Experimentally,
we found & to be at least 4.P to achieve good workload
balancing. First, we consider the prefix subsequences at
level-1 as tasks, if number of such subsequences is
larger than 4.P; otherwise we move to the next level
and consider the prefix subsequences at that level as
tasks. In Figure 1, {<aa>, <ae>, <ba>, <eb>, <ec>}
are the set of tasks at level-2. Similarly we move level
by level deeper in the computational tree until we find
the desired number of tasks. A subtask of a task is the
postfix item of the corresponding prefix subsequence.
Tasks are partitioned among processors using the
techniques discussed in the following sections. To
achieve maximum performance task partitioning must

be done in a way so that the workload of each
processor is fairly balanced.

3.1 Static Task Partitioning

In our static partitioning approach each task is assigned
a weight based on the support count of the prefix
subsequence of the task. Then the set of tasks are
partitioned and each subset of tasks is assigned to a
processor. We discuss several partitioning methods in
the following sections.

3.1.1 Contiguous Task Partitioning (STATIC-1)
In this partitioning method we calculate the average
weight of the items to be allocated to a processor by
dividing the total weight of all the tasks with the
number of processors. Then tasks are sorted in
descending order based on weight. We start allocating
tasks to a processor contiguously until their total
weight is greater than or equal to the average weight.
After allocating tasks to a processor we start allocating
tasks to the next processor in the same way.

3.1.2 Bin Partitioning (STATIC-2)

In this method each processor is considered as a bin.
First, the tasks are sorted in descending order of
weight. Here a task is allocated to a processor, with
lowest total weight. Initially total weight of each
processor is zero. When allocating the next task,
processor with the lowest total weight is chosen.

3.1.3 Bin Partitioning Using Subtask Weight
(STATIC-3)

In STATIC-2 we used support count of the task as the
weight. In STATIC-3, we compute the support count of
frequent postfix items of the task, and use sum of
support counts as the weight. The idea behind this
approach is to improve the accuracy of the workload
estimation. Instead of using an estimate based on single
support value as in STATIC-1 and STATIC-2, this
method looks ahead at the supports of the postfix
items, and therefore tend to provide a better workload
estimate, with the cost of postfix item generation. After
that the task allocation is similar to STATIC2.

3.2 Static Parallel Algorithm
In our parallel algorithm we assume each processor has
access to the database using either a shared file system
(with parallel I/O facility) or local disks each with a
copy of the database. We used the latter approach. The
main steps of our static parallel algorithm are as
follow:
1. One processor known as Master scans sequence
database and generate the set of tasks.
2. Master processor then partition the set of tasks
into P subsets T;, 1< i < P using a static task



partition technique and send subset 7; to
processor-i for all 1< i <P (P is the number of
processors).

3. Every processor mines for frequent patterns for
each task 7 in the assigned subset T;

3.3 Dynamic Task Partitioning

The idea behind our static partitioning techniques is
that if an item has a high support it will most likely
have a deeper computational sub-tree (higher
workload) than an item with low support. However
estimates based on support count can potentially be
very inaccurate, because of the skewness of sequence
data. Also, when presenting experimental results we
will show that the accuracy of static estimates
decreases as the number of processors increases. For
this reason, we have developed dynamic task
partitioning scheme, where tasks are partitioned to
processors at mining time based on the current
workload of the processor.

Our parallel model is a master worker model as
shown in Figure 2. The task of the worker processor is
to generate all the frequent sequences for a given task.
Master processor does two major jobs: one is the
mining to generate frequent sequences and the other is
to act as a server for worker processors. Once a worker
processor finished generating sequences for a given
frequent task, it requests another task from the Master.
If a request from a worker processor is available
Master processor temporarily stops mining and process
the request by sending a new task to that worker
processor. The task list contains tasks sorted
(descending order) according to the support count.
Thus large jobs will be carried out first by the
processors.
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Figure 2: Parallel Execution Model.

The idea behind this approach is to have a shared task
list. Since in a distributed memory environment it is not
possible to have a shared data structure, we implement
this functionality with message passing and client-
server architecture. But, here we do not have a
dedicated server. Instead Master processor frequently

probes the system while mining the items. This allows
us to utilize all the available processors including the
master processor for mining. The communication
overhead in this model is minimal. For n frequent tasks
the communication overhead is O(2n). In this model,
load is balanced fairly, as a processor gets another task
only when it is finished executing the current task.

3.3.1 Dynamic Subtask Partitioning

It is possible that the workload balancing of the
dynamic method fails when a highly skewed sequence
database is used. Since tasks are arranged in the task
list based on the support count, larger jobs will be
carried out first. But a problem can occur when support
count cannot predict the workload of a data set,
particularly for a skewed data set. For example, worst
situation occurs when P-1 processors are free (i.e. they
finish their portion of the allocated tasks and there are
no more tasks in the task list) and only one processor is
busy (here P is the number of processors). Figure 3
shows this scenario for a skewed dataset. Out of the k
tasks available for mining, all the tasks except task-2
are processed completely by the processors while the
processor responsible for task-2 is processing subtask-b
of task-2.

In order to address this situation, we have to
provide a load balancing mechanism so that the free
processors will be able to join with busy ones to share
the workload. We have solved this problem by
partitioning the high workload subtasks of the
corresponding task among free processors. In our
method, once the free processors are available, a
Coordinator processor sends a job request message to
busy processors and obtains sub-tasks. Then they are
distributed to free processors for pattern generation.
We accomplish load balancing among the processors
by recursively applying this method until all the
processors become free. Selection of Coordinator
processor is carried out dynamically. Here Master
processor will choose the first processor that becomes
free as the Coordinator processor. We decided to have
a separate processor as the Coordinator, rather than
using the Master, because Master itself can be busy
with a heavy task.

When executing a task in our parallel model, a
processor will always queue the subtasks generated at
each level (see Figure 3). When a job request arrives
from a Coordinator processor, a subset of subtasks will
be selected from all the unprocessed subtasks for
transfer to the Coordinator. Selection of subtasks is
done based on their predicted workload. Only the high
workload subtasks are selected to minimize the job
transfer cost (i.e. the cost of generating projected
databases of the PrefixSpan method for transferred



subtasks by the receiving processors, and the
communication cost).
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Figure 3: Subtask partitioning for load balancing.

The workload of the subtask is assessed based on the
lengths of the projected database of the parent item and
the subtask. Projected databases keep shrinking as we
go down the computational tree. We found this
shrinking factor of the projected database of a subtask
as a useful measure in estimating the subtask workload.
The data communicated to coordinator processor
includes selected items (high workload subtasks) in the
queues and the prefix pattern generated up to the last
queue. Le. pattern bbcac for the situation in Figure 3.

3.4 Dynamic Parallel Algorithm
(DYNAMIC)

Here we present our parallel PrefixSpan algorithm
using dynamic task and subtask partitioning techniques.
The main steps of our dynamic parallel algorithm are
as follow:

1. One processor known as Master scans sequence
database and generate the set of tasks.

2. Master processor sorts the tasks based on
support count.

3. Every processor mines for frequent patterns for
each task assigned by Master processor (see
Figure 2).

4. Master processor selects the first processor, who
becomes free, as Coordinator, which carryout
following steps:

4.1. Coordinator selects free processors available
so far for job distribution.

4.2. Coordinator will pick busy processors and
send job request to obtain jobs (sub tasks).

4.3. Busy processors, who receive a job request,
send high workload jobs to Coordinator (see
Figure 3).

4.4. Coordinator distributes the jobs among the
available free processors for mining.

4.5. Repeat steps (4.1- 4.5) until all the
processors become free.

4. EXPERIMENTAL EVALUATION

In this section we describe the evaluation environment
used to execute our algorithms and the results obtained.

4.1 Evaluating Environment

Our machine environment consists of a cluster of 16
Ultra Sparc 1 workstations (512MB memory)
connected by 100Mbps network. We used Message
Passing Interface (MPI) library (mpich -1.2.5.2) [13] to
achieve parallel communication. We have implemented
the serial PrefixSpan algorithm as described in [3] and
compared the resulting sequences with the sequences
generated by the PrefixSpan executable program
obtained from the authors of [3].

We used sequence databases generated by the
IBM Quest synthetic data generator [11]. The dataset
contains 1,000 different items with an average length
of 10 to 20 items per sequence.

We have also used real-world datasets, Earth
Science data and bio-datasets. The Earth Science data
consists of monthly measurements of 0.5-degree
precipitation on land, collected over a period of 18
years starting January 1982 to December 1999. We
have transformed these time series data into a sequence
of HI and LO events. The bio-datasets Snake and Pi
are very dense datasets and can generate large number
of short sequences with a higher threshold like 55%.
Snake dataset contains 174 Toxin-Snake protein
sequences and 20 different items. Dataset Pi contains
190 protein sequences and 21 different items. Table 1
shows the characteristics of all of our test data sets.

Dataset Num. Seq. Threshold
C10T5S4 11.25D100k 100,000 0.10%
C20T5S811.25D100k 100,000 0.50%
C10T5S412.5D100k 100,000 0.25%
C20T2.5S411.25D100k 100,000 1.00% -0.05%
Precipitation 67,034 10%
Snake 174 55%

Pi 190 90%

Table 1: Characteristics of the datasets.

4.2 Experimental Results

We tested both parallel and serial algorithms on a
workstation cluster environment and execution time
was recorded. Figure 4 shows execution time and
speedup for some generated datasets. Here number of
processors (P) =1 corresponds to the execution time of
the serial program.
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Figure 4: Execution time and speedup of generated datasets.

For all the datasets tested, we obtained near linear
speedups  with  dynamic  parallel  algorithm
(DYNAMIC). For some datasets we achieved a
maximum speedup of 15.1 on 16 processors. Speedup
achieved by STATIC-1 is the lowest. This is because
of the lack of accurate workload balancing of STATIC-
1. It partitions the tasks contiguously to processors and
the processor with the high-support tasks takes higher
execution time. STATIC-3, although has a better
estimation of workload, the overhead of calculating
total support of the sub-tasks is a bottleneck.
Therefore, we found that both STATIC-1 and
STATIC-3 techniques are not suitable for our parallel
PrefixSpan algorithm.

STATIC-2 shows good results when compared
with other static partitioning techniques. Since
STATIC-2 depends on support counts for workload
estimation, it cannot outperform DYNAMIC algorithm.
This is significant for databases with high workload
(i.e. that generate deeper computational trees) such as
C20T58811.25D100k. In this dataset, the average
length of maximal potential large sequence is 8. For
this dataset, there is a higher difference of speedup
between DYNAMIC and STATIC2.

We have also analyzed the performance of our
parallel algorithm on real world datasets. Execution
time and speedup for Precipitation and Pi datasets are
shown in Figure 5 for DYNAMIC algorithm. Pi is a
very dense dataset, which generates massive number of
sequences at very high threshold like 90%. Note that
the execution time decreases almost linearly with the
increase in number of processors. Our DYNAMIC

algorithm tends to show higher performance for
datasets with larger workloads.
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Figure 5: Execution time and speedup of real world
datasets with DYNAMIC.

We analyzed the workload balancing of static task
partitioning technique (STATIC-2) and the dynamic
task partitioning techniques. We have compared two
different dynamic task partitioning techniques:
DYNAMIC_NO_STP (dynamic load balancing
without sub task partitioning, which is similar to [8])
and DYNAMIC (with sub task partitioning). Figure 6
shows total mining time spent by each processor in 12-
processor case for Snake dataset. Workload balancing
of STATIC-2 is not that good as some processors spent
lower time while others spent higher time for mining.
Although DYNAMIC_NO_STP  achieves fair



workload balancing compared to STATIC-2, there are
situations that the workload is not balanced. For
example, in Figure 6 processor-4 and processor-9 show
high workloads when compared with rest of the
processors. But with DYNAMIC we can see a fair
workload distribution among all the processors.
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Figure 6: Variation of mining time for each processor.

We have also studied the effect of changing minimum
support on the parallel performance. We used 16
processors with C2072.58411.25D100k dataset and
minimum support threshold varied from 1.00% to
0.05%. Figure 7 shows execution time and the number
of frequent sequences generated by the parallel
algorithm, for different minimum support thresholds.
Execution time goes from 33.4 sec. at 0.5% minimum
support to 379.0 sec. at 0.05% minimum support, a
time ratio of 1:12 vs. a support ratio of 1:10. Also, the
number of frequent sequences goes from 61,018 at
0.5% support to 6,477,006 at 0.05% support, a ratio of
1:107 vs. a support ratio of 1:10. It appears that in
general execution time is near linear with respect to
minimum support. Further, it can be said that the
efficiency of DYNAMIC algorithm increases with
decreasing support, as it generates more frequent
sequences per second on lower support values.
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Figure 7: Effect of minimum support threshold on
parallel performance.

Finally, we study the effect of dynamic subtask
partitioning technique on highly skewed datasets. We

used datasets that have prefix subsequences with lower
support count but deeper computational sub trees.
Lower support count will cause our DYNAMIC
algorithm to select that task for mining at the end, since
we mine items with higher support count first. The
datasets we used (C10T55412.5D100k and Snake) have
these properties and thus it allows us to see the gain we
obtained from subtask partitioning.

C10T5S412.5D100k

——&——DYNAMIC_NO_STP
—&—DYNAMIC

Snake

—@&— DYNAMIC_NO_STP
—&— DYNAMIC

S
==/

4 8 12 16 4 8 12 16
Number of Processors Number of Processors

Figure 8: Speedup of dynamic partitioning techniques.

Figure 8 shows the speedup we achieved from both
dynamic task partitioning techniques (DYNAMIC &
DYNAMIC_NO_STP). It can be seen that, for higher
number of processors (e.g. 16-processor case) we
achieve impressive speedup improvement with
dynamic subtask partitioning mechanism. Also, in the
Snake dataset we can see scalable speedup with
DYNAMIC algorithm. DYNAMIC_NO_STP shows a
reduction of speedup when moving from 12 to 16
processors for that dataset. Therefore, dynamic sub
task partitioning technique not only improves speedup
but also improves the scalability.

Our dynamic sub task partitioning technique shows
a maximum speedup improvement of 23% with Snake
dataset and 72% with C10T55412.5D100k dataset on
16-processor environment, when compared with
DYNAMIC_NO_STP. On average DYNAMIC
parallel algorithm records 7%, 28%, 34% and 48%
speedup improvement over DYNAMIC_NO_STP
algorithm on 4, 8, 12 and 16 processors respectively. It
is interesting to note that the speedup improvement
increases with increasing number of processors.

S. CONCLUSIONS

In this paper, we have presented an efficient scalable
parallel sequence mining algorithm on distributed
memory multiprocessor systems. The proposed
algorithm draws its motivation from the PrefixSpan [3]
sequential mining algorithm. We used task parallelism
approach to partition the tasks among processors and
analyzed several task partitioning techniques.



In almost all the test cases, we found that the
dynamic task partitioning technique together with the
efficient subtask partitioning mechanism, showed
better speedup and scalability than that of the static
partitioning and dynamic partitioning without subtask
partitioning. The main reason behind this performance
is the accurate load balancing done by the dynamic
subtask partitioning method, whenever a load
imbalance is detected among processors. We have
tested our algorithm using several data sets on a 16-
processor distributed memory environment. The results
presented in this paper are among the best known in the
literature.

We intend to run our parallel algorithm with
higher number of processors using larger data sets and
also plan to study the performance of our algorithm on

different  platforms and  different = workload
characteristics.
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Abstract

In this paper we address the problem of mining frequent
closed itemsets in a distributed setting. We figure out an
environment where a transactional dataset is horizontally
partitioned and stored in different sites. We assume that
due to the huge size of datasets and privacy concerns dataset
partitions cannot be moved to a centralized site where to
materialize the whole dataset and perform the mining task.
Thus it becomes mandatory to perform separate mining on
each site, and then merge the local results do derive a global
knowledge. This paper shows how frequent closed itemsets,
mined independently in each site, can be merged in order to
derive globally frequent closed itemsets. Unfortunately, such
merging might produce a superset of all the frequent closed
itemsets, while the associated supports could be smaller
than the exact ones because some globally frequent closed
itemsets might be not locally frequent in some partition. A
post-processing phase is thus needed to compute exact global
results.

1 Introduction.

The frequent itemset mining (FIM) problem has been
extensively studied in the last years. Several variations
to the original Apriori algorithm [3], as well as com-
pletely different approaches, have been recently pro-
posed (see, for example, the papers presented at the last
two FIMI workshops [1, 2]). Recently it has been shown
that frequent closed itemsets [10, 11, 4, 9, 15, 14, 6]
are particularly interesting because they provide qual-
itatively the same information, by guaranteeing at the
same time better performance, non redundant results,
and concise representation.

In this paper we investigate a novel topic: dis-
tributed mining of frequent closed itemsets. While
some papers address the problem of mining all the fre-
quent itemsets in a distributed environments, at our

best known, no proposal for distributed closed itemset
mining exists. We figure out a distributed framework in
which one (virtually single) transactional dataset D is
horizontally partitioned into N parts. Each transaction
of the dataset consists of an ordered list of items in the
set of possible items Z. Each partition Dy, Do, ..., Dy is
made up of a subset of the transactions in D, and there
are no overlaps among the partitions.

In order to mine D we could devise a very simple
strategy based on the "moving data” approach. We
could choose a central site, which will receive every
partition and, once materialized the whole dataset, will
perform the mining task. The main drawback of this
approach is that real datasets are usually huge, and it is
not feasible to send an entire partition to a central site
because of communication costs. Moreover, a central
site could not be able to mine it as a whole, but it
should have to partition it again in some way. In
addition, if we have to deal with privacy concerns, we
cannot move sensible data from one site to another.
Hence, it is mandatory to employ a "moving results”
approach, according to which frequent closed itemsets
are independently extracted on each site, and then
are collected and merged to get the global solution.
Such algorithms are more suitable for loosely-coupled
distributed settings, since they limit the number of
communications/synchronizations between distributed
nodes.

In the last years researchers have proposed many
data mining algorithms that can efficiently be run in
a loosely-coupled setting [8, 5], even if a few of them
regards the FIM problem!. In particular, Partition

[12], i.e. an algorithm for mining all the frequent
TOn the other hand, frequent itemset mining has been exten-

sively studied in the context of tightly-coupled environments, like
parallel clusters.



itemsets, can be straightforwardly implemented in a
loosely-coupled distributed setting, i.e. with a limited
number of communications/synchronizations (see for
example [7]).

In this paper we want to explore whether a Par-
tition-like approach can also be exploited to mine fre-
quent closed itemsets in a distributed environment. In
order to demonstrate the feasibility of this approach,
we show how the various local results, extracted inde-
pendently on each site with the preferred closed itemset
mining algorithm, can be merged in order to obtain the
set of all the globally frequent closed itemsets.

Unfortunately, similarly to what happen in the dis-
tributed extraction of all the frequent itemsets, merg-
ing local results may produce a not exact set of all the
frequent closed itemsets, while the associated supports
could be unknown. A post-processing phase is thus nec-
essary to compute exact global results.

The rest of the paper is organized as follows.
Section 2 discusses some preliminary results concerning
the merging function proposed to join the local results
computed independently in the various distributed sites.
Section 3 describes the additional steps needed to
retrieve the exact supports of closed itemsets, and,
finally, Section 4 draws some conclusions and future
work.

2 Closed Itemsets Extraction

Our goal is to find a distributed algorithm that mini-
mizes synchronizations and communications in mining
frequent closed itemsets.

For the sake of simplicity, we limit the following
discussion to a transactional dataset D that is parti-
tioned in only two parts. More formally, let D; and
D5 be the two disjoint horizontal partitions of D, where
D1 UDy =D, and D; N Dy = (. However, we can easily
generalize our results to n partitions, for an arbitrary
value of n.

Moreover, in this section we do not consider the is-
sues concerning the (relative) minimum support thresh-
old used to locally mine the various partitions. Remem-
ber that some globally frequent (closed) itemsets might
not be extracted at all from some partitions, while some
globally infrequent ones might be mined from others. In
other words, the method discussed below surely works
when we mine all the partitions with an (absolute) sup-
port supp = 1, i.e. when we consider as frequent any
itemset which occur at least once in D. We will take
in account the issues concerning the minimum support
constraint in the last part of the paper.

2.1 Preliminaries. Given a transactional dataset D,
let T and I, T C D and I C Z, be subsets of all the

transactions and items appearing in D, respectively.
The concept of closed itemset is based on the two
following functions f and g:

fMy={iceZ|VteT,ict}
g(I)={teD|Viel,ict}.

Function f returns the set of itemsets included in all the
transactions belonging to T, while function g returns the
set of transactions supporting a given itemset I. We can
also consider ¢(i) and g(X) to be tid-lists, i.e. lists of
identifiers associated with all the transactions in D set-
including item 7 and itemset X, respectively.

DEFINITION 2.1. An itemset I is said to be closed if
and only if

c(I) = fg(I)) = fog(l) =1

where the composite function ¢ = f o g is called Galois
operator or closure operator.

Given a dataset partition D;, let T and I;, T; C D;
and I; C I;, be subsets of all the transactions and items
appearing in D;, respectively. We can thus redefine the
two following functions:

[i(T;) ={ieZ; |VteT;ict}
gj(Ij) = {t S Dj |VZ S Ij,i S t}

Therefore we can consider g;(i) and g;(X) be tid-
lists only referring to transactions in D; which set-
include item ¢ and itemset X, respectively. Similarly,
we can define ¢;(I;) = f;(g;(L;)), VI; CI;.

Let C be the collection of all the closed itemsets
in D, and C; and Cy be the two sets of closed itemsets
mined from D; and D-, respectively. Before introducing
the theorems stating the properties concerning C; and
Co, and their relationship with C, let us introduce
a couple of important lemmas concerning the closure
operator ¢() with respect to the dataset D. The same
lemmas also hold for operators ¢;() and ¢3() relative to
D; and Ds, respectively.

LEMMA 2.1. Given an itemset X and an item i € I,
9(X) € g(1) & i € c(X).

Proof. Proof.
(9(X) S g(i) =i € c(X)):

Since g(X Ui)? = g(X) N g(i), 9(X) C g(i) =
g(XUi) = g(X). Therefore, if g(XUi) = g(X
then f(g(X U 1)) = f(g(X)) = e(X Ui) =
ce(X) =i € c(X).

2For the sake of readability, we will drop parentheses around

singleton itemsets, i.e. we will write X U ¢ instead of X U {i},
where single items are represented by lowercase characters.



(i €e(X)= g(X) Cg¥)):

If i € ¢(X), then g(X) = g(X U ).

9(XUi) = g(X)Ng(2), g(X)Ng(i) = g(X
too. Thus, we can deduce that g(X) C

Since
holds

) -
9(@).
LEMMA 2.2. If Y €C, and X C Y, then ¢(X) CY.
Proof. Note that g(Y) C ¢(X) because X C Y.

Moreover, Lemma 2.1 states that if j € ¢(X), then
9(X) C g(j). Thus, since g(¥) C g(X), then g(¥) C
g(7) holds too, and from Lemma 2.1 it also follows that
j€cY). So,if j €Y held, Y would not be a closed
itemset because j € ¢(Y'), and this is in contradiction

with the hypothesis.

2.2 Local vs. global closed itemsets Our goal
is to show that it is possible to perform independent
computations on each partition of the dataset, and then
join the local result by using an appropriate merging
function @ in order to obtain the global results. In this
section we describe such merging function, and show
that C = C, where C = C; @ C.

THEOREM 2.1. Given the two sets of closed itemsets Cq
and Co, mined respectively from the two datasets Dy and
D, we have that:

C=0CoC =
(Cl UCQ) U {leXQ ‘ (Xl,XQ) c (Cl XCQ)} = C.

Therefore we can obtain C by collecting the closed
itemsets contained in C; and Cs, and intersecting them
to obtain further ones. We prove the above theorem by
showing that the double inclusion holds.

THEOREM 2.2.
(C1UCy) CC

Proof. By definition, X is a closed itemsets in D if and
only if X occurs in D, and

Vig X : g(X)Zg(i).

Therefore,

XeC=>VidX : g1(X)Z gi(d),

Since
q(X) L q1(i) = g(X) & g(i),

we have that

XeC = VidX : g(X)Zg(i),

and therefore X is closed in D, i.e. X €C.
The same clearly holds also if X € Cs.

THEOREM 2.3. Given X1 € C1 and X5 € Co, we have
that
7 = (Xl n XQ) e C

Proof. It Z € C; or Z € Cy, then Z € C because
(C1 UCs) C C (see Theorem 2.2).

So in the following we will consider the non-trivial
case, i.e. Z & Cy; and Z ¢ Cy. In other terms, we are
interested to the case in which Z C X; and Z C Xs.

By absurd, assume that Z is not closed, so that
& Z|g(Z)Cg(i). So, we have that:

9(Z) Cg(i) = g1(2) C q1(1)
9(Z2) Cg(i) = g2(2) C g2(9).

or, equivalently, i € ¢1(Z) and @ € c2(Z).

By Lemma 2.2, it follows that ¢;(Z) € X; and
c2(Z) C Xo, since X; and X, are closed in Dy and
Ds, respectively. So, the only way to choose an 7 that
belongs to both ¢;(Z) and ¢2(Z), where ¢1(Z) C X7 and
c2(Z) C X, is that 4 € Z = (X; N X3). But this is in
contradiction with the hypothesis by absurd, i.e. i & Z.

The following corollary is a simple consequence of
the above Theorem.

COROLLARY 2.1.

{(XiNnXe | (X1,X2) €(C1 xCo)} CC

Theorem 2.2 and Corollary 2.1 show that C C C.
Our merge function is thus correct, in the sense that
any itemset X € C is also a closed itemset in the global
dataset D.

In the following we prove the opposite implication,
i.e. C C C, which allow us to show that our merge

function is also complete, and therefore C = C.

THEOREM 2.4.
ccc

Proof. Let X € C be an itemset belonging to some
transactions of D. Therefore X is included in some
transactions of either Dy or D», or it is included in both
D]_ and DQ.

If X only occurs in transactions of one partition,
either Dy or Dy, we can trivially show that X € C.
Suppose that this partition is D;. Therefore ¢g;(X) =
9(X), and g2(X) = 0.

Since ¢(X) = X by hypothesis, then Vi ¢
X | g(X) € g(i). Then it also holds that Vi ¢
X | g1(X) & g(i), because g1(X) = g(X). Since ¢1 (i) C
g(7), then it also holds that Vi ¢ X | g1(X) € ¢1(9), or,
equivalently, X = ¢;(X). Therefore, in this case X € C
surely holds, because X € C;.



If X appears in transactions of D; and D, then
we can compute its closure in both of them, i.e. X; =
Cl(X) and X2 = CQ(X). So either X = (X1 N XQ) or
X C (X1 N X3) can hold.

If X = (X1 N X3), then X € C by definition of C.

The second condition X C (X7 N X3) can not hold.
If X C (X1 N Xy), then 3 ¢ X such that i € ¢1(X)
and 7 € c2(X). Hence ¢1(X) C ¢1(4) and g2(X) C go2(4).
Since g(X) = g1(X) U g2(X) and g(i) = g1(i) U g2(7),
then g(X) C g(i) also holds, i.e. i € ¢(X) = X. But
this is in contradiction with the hypothesis that i ¢ X.

Note that from a theoretical point of view, itemsets
in C form a lattice, i.e. for every X,Y € C their join
element X UY and their met element X N'Y belong
to C [15, 14]. We have just shown that if X € C; or
X € Cy, then X € C. Moreover, in order to complete
the lattice C, it is also needed to set-intersect each pair
(X1, X3) € (C1 xCq), and add X; N X5 to C. The proofs
of both the implications show that this is enough to
complete the lattice C, i.e. C = C.

Till now we have defined a merging function 4, used
to obtain C as C; @ Cy. This result can be generalized
to the case of N partitions of D.

THEOREM 2.5. Given the sets of closed itemsets
Ci,...,Cn mined respectively from N disjoint horizontal
partitions Dy, ..., Dy of D, we have that:

C=(..(C1dC) ®...BCN)...).

Proof. 1t is easy to give a proof by induction. We have
already proved with Theorem 2.1 that the equality holds
in the case N = 2.

Suppose that Theorem 2.5 holds for N, we want
to show that it holds for N + 1 as well. Given the
N + 1 partitions, by hypothesis we know that the closed
itemsets in D' ={D;U...UDy} areC' = ((C1 ®C2) ®
...@®Cy). At this point, we can think at the dataset D as
it was made of two partitions only, i.e. D =D’ UDpy,1.
Therefore, we can apply Theorem 2.1 and get C =
CeCni1i=(..(Ci®C)D...BCN)...)...CN+1-

While computing the union of the various C; is
straightforward, the same is not true for the intersec-
tions. In order to quantify the impact of intersections
in the overall computation, we experimentally counted
the number of closed itemsets which have to be cal-
culate by intersections as a function of the number of
partitions. Figure 1 plots this number in a real world
case: the mushroom dataset mined with absolute min-
imum support 1. From the figure we can see that the
number of intersection itemsets increases as the number
of partition grows, even if this growth is less than linear.

Size of Intersetion ltemsets
300000

T T
Closed Itemsets —+—
Intersection Itemsets --->---

250000 —
I I I I I
T T T T T

200000 4

150000 - b

Number of Itemsets

100000 | [— B

50000 - X p

2 4 6 8 10 12 14 16 18 20
Number of Partitions

Figure 1: Intersection Itemsets in a real world case:
the mushroom dataset mined with absolute minimum
support 1.

When the dataset is split into 20 partitions, about 2/5
of all frequent closed itemsets have to be computed with
intersections.

3 Computing the supports of frequent closed
itemsets

Theorem 2.1 shows a way to devise the identities of all
the closed itemsets in D given the closed itemsets found
in its partitions D1, Ds, ..., Dy. In this section we show
how to calculate the supports of such itemsets given the
supports of all the itemsets in C;, Vi.

Given X € C, we denote with || X||; the support of
X in partition D;. The global support of X is clearly
> i=1...n IX][i- Note that by construction of C, it
may happen that X ¢ C; for some partition D;, and
therefore, even if the support of every itemset in C; for
every partition j is known, the support || X||; may not
be known. In fact, for each X € C, we can distinguish
between two cases:

=0} | X e,

i.e. X was obtained by union of
the various C;. In this case || X||; is
given, but we cannot say anything
about ||X||j7£z

=/} ‘ X e,

i.e. X was obtained from the inter-
section between two closed itemsets.
In this case we don’t know ||X||;, V7.

In both cases we need to derive || X]||;, i.e. the
support of itemset X on partition D;, where X & C;.



The support of || X||; is equal to |¢;(X)||. Since every
Y € C; is closed, we have that ¢;(X) is exactly equal to
lle;(Y)|| where Y € C; is the smallest itemset such that
X C Y. Therefore, in order to calculate the support
of all the itemsets in C it is sufficient a post-processing
phase where subset searches are performed to calculate
the contributes of each partition to the global support
of some itemset.

In the above we have always discarded the mini-
mum support constraint, i.e. we have used a minimum
absolute support of 1. Unfortunately when we intro-
duce a minimum support threshold ¢ > 1, we cannot
guarantee the correctness of the algorithm. In fact it
may happen that some global frequent itemset is not
frequent in some partition, and since its local support
in such partition is not retrieved, its global support can-
not be derived. Similarly, some locally frequent itemsets
may result to be globally infrequent.

Analogously to Partition [12], we can however de-
vise the following strategy. Since each globally frequent
itemset has to be frequent in at least one partition, we
have that C will contain all the global frequent closed
itemsets, but some globally infrequent one as well. In
order to retrieve the exact support of itemsets which
are not frequent in all partitions, we have to compute
their supports in all the sites where they were found to
be not frequent. After recollecting these counts, we can
calculate the exact support of every itemset in C and
get the correct solution C.

4 Conclusion

We have addressed the problem of mining frequent
closed itemsets in a distributed environment. In the
distributed mining of frequent itemsets, a three steps
algorithm is sufficient in order to get exact results.
First, independent mining tasks are performed on each
partition, then the results are merged to form a big
candidate set, and, finally, an additional check is needed
for each candidate to retrieve its actual support in the
partitions where it was found to be infrequent. In this
paper we investigate the merging step in the case of
closed itemset mining. We have shown that in this case
the merging step is completely different and surely more
complex.

However, our preliminary results demonstrate the
feasibility of the approach. Future works regards the
actual implementation of the algorithm and its perfor-
mance evaluation. Moreover, similarly to [13], we are
also interested in studying an approximated version of
the algorithm, which should not require an additional
step for exactly counting itemsets supports.
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Energy Measurements for a Distributed Support Vector Machine

Classifier on Java and TinyOs Nodes

Rasmus Pedersen*

Abstract

We use support vector machines for distributed data
mining in computationally constrained environments
called sensor networks. The support vector machine
provides powerful non-linear modelling tools to em-
bed intelligent co-active learning algorithms on sensor
nodes. However, little is known about the energy con-
sumption of exploiting such models on small sensor
nodes. We have chosen to model a binary classifier,
which is designed to work co-actively with neighboring
sensor nodes by exchanging only some key data called
support vectors. The two processes we investigate are
the energy consumption for classifying new unseen data
as well as the energy cost of wireless data transmission
among two nodes. This allows estimation of the rel-
ative energy cost for classifying new data on a sensor
node versus the energy cost of transmitting it to other
nodes.

1 Introduction

Our fundamental argumentation is that the support
vector machine (SVMs) [1] is interesting as an embedded
data mining model for sensor network nodes. We have
introduced a framework labelled the Distributed Support
Vector Machine(DSVM) [2]. This framework introduces
the idea of using SVMs in distributed data mining
to address goals such as energy preservation, limiting
network traffic, and implementing co-active learning
among distributed learners. In this paper we analyze
the energy consumption of using a Java-based trained
binary SVM classifier on different hardware platforms.
Furthermore, we compare this to a similar trained SVM
executing on a popular sensor node platform.

The DSVM is a framework and an idea that targets
distributed data mining problems in situations when
special constraints are placed on the distributed learning
machines. These learning machines, which we shall call
nodes, can be severely limited in terms of CPU, battery,
memory, and communication bandwidth as compared to
high-performance data mining servers. Our context is
a scenario in which small distributed networked nodes
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work as a group toward solving a common goal. An sim-
ple example could be a group of small nodes—equipped
with wireless communication antennas—that each is re-
sponsible for making autonomous decisions. However,
if the nodes each work on a similar problem it is likely
that the nodes can exchange knowledge to support their
individual decision making process. Our contribution is
then to have described how SVMs can be utilized in
such a context to enhance the local decision making
processes without sacrificing limitations in CPU, bat-
tery, memory, or communication bandwidth [3].

Very little work has been done in this context, and
none to our knowledge, has been designed specifically
to the severely limited computing environments that
characterizes sensor networks. Therefore, we present
an analysis in this paper that uses artificial data to
produce empirical evidence of how much energy SVM
classification uses on different hardware platforms using
compliant Java Virtual Machines. In order to bridge the
analysis to the wireless sensor network community, we
also do the same analysis on a TinyOs platform. The
choice of using a binary SVM classifier is one of many
choices that we had to make, which will be clear in the
next section.

When using SVMs in sensor networks it is possible
to describe a certain systematic approach by specifying
three things: the kernel, the algorithm and the mode
used in the model. We call this framework the Kernel,
Algorithm, and Mode (KAM) model. It forces the
designer of a DSVM model to consider the three most
important dimensions of a given problem. In the context
of this paper:

Kernel: Linear vectorial dot product of two-

dimensional input.
Algorithm: Classification (binary)
Mode: Batch
Co-active: Exchange support vectors among nodes.

The experiments are done for trained SVMs with a
low number of support vectors. Experiments are con-
ducted with different settings on four selected systems



and we reach useful results regarding the energy effi-
ciency of large sensor nodes vs. the energy efficiency of
small sensor nodes. In this paper we experiment with
energy consumption of an SVM as a tool for embed-
ding such algorithms onto distributed nodes. We do
not provide general results, but rather results that are
specific to our implementation of a support vector ma-
chine (SVM) in Java and C. Furthermore, our results
are specific to the chosen hardware and modems, but
we believe that the use of statistical learning theory
will be a major method in the years to come in terms
of in-network-modelling and that the implementations
can inspire further work.

The machine learning community provides the SVM
algorithm [1], while energy awareness combined with
sensor networks provides the domain in which we in-
corporate this algorithm. One approach is to incorpo-
rate self-configuration in the system: First, we can use
the algorithm to perform a bootstrap test of the node’s
CPU speed, and then it can self-configure the SVM.
Secondly, the node starts filtering or performs other in-
telligent tasks. This approach is possible on a JStamp
Java processor as it can be configured to run at different
CPU clock speed, which could lead to different settings
of the SVM algorithm.

We investigate the energy consumption for a con-
structed binary classification problem using our imple-
mentation of the SVM in the Java language [4]. The
work can can be split into three main components. One
is related to the distributed system itself while the sec-
ond component corresponds to the choice of Java as the
programming language. The final component consists
of the chosen machine intelligence algorithm. In terms
of the distributed aspects, we address this by identify-
ing the idea that SVMs depend only in part on a subset
of the data examples called the support vectors (SVs).
This is an inherent characteristic of the support vec-
tor machine algorithm that apply across classification,
regression, and cluster analysis. These three types of
analysis problems can be addressed within the SVM
framework. Java can potentially be an attractive plat-
form for distributed computing since the terms ubiqui-
tous, pervasive, and ambient computing are likely to fit
well into Sun’s ”Write Once, Run Anywhere” philoso-
phy. In a double effort to assess Java’s capabilities as
well as make the SVM possible in distributed environ-
ments [2], we present the formulas on how to estimate
the additional or marginal energy consumption when
using a DSVM on four kinds of nodes: an IBM laptop,
a Symbian OS based mobile phone, an embedded Java
chip, and a TinyOs based sensor node.

Our paper is organized as follows: The experiments
setup section opens with insights into the code profiling

of the DSVM, porting of the Java code from the J2SE
API to the CLDC API, with the main experimentation
focusing on approximating a formula for predicting the
energy usage of the node given a set of parameters. Our
experiments center on four node types:
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Figure 1: The big Java node: IBM A31

Figure 3: The small Java node: Systronix JStamp

These four nodes are further described in the ex-
periments section in terms of operating system, type
of processor, power consumption, and weight. Within
the scope of these nodes we perform experiments and
present some results. The experimental results fall into
two categories: (1) How many sensed points can the
sensor nodes classify per second? (2) How much energy
does each type of sensor node use to classify one point?



Figure 4: The TinyOs node CPU: ATMEGA128L

We conclude the paper by summarizing the main re-
sults and pointing toward the future of our work. An ob-
servation of some interest is that our experimental setup
shows about a factor three difference in the amount of
energy used by the big node, medium node, and small
node to classify a point. The smallest node was the
most energy consuming, which was not something we
intuitively expected a priori, but nevertheless is an ex-
pected result. Please note this might be specific to our
particular setup.

2 Experimental Procedure

The goal of the experiments is to gain a greater under-
standing of the energy consumption of the Java sensor
nodes, while using the TinyOs node as a point of ref-
erence. We use a code profiler, software timers, and
voltmeters to analyze the energy aspects of the code.
Direct profiling of the code in terms of how time is spent
when running the DSVM provides insight into the time
spent in each part of the program code. Moreover, the
node analysis is centered on the marginal energy usage
of running a binary classification problem. It should be
noted that a large portion of machine learning and pat-
tern recognition is binary classification. Therefore, we
have chosen to start with this problem. The base power
consumption of the device can be defined as the energy
used when performing basic tasks such as listening to
the radio transmitter and capturing data. We measure
the additional power consumption by loading a data set
and monitor the device during training, i.e., when the
Java Virtual Machine (JVM) runs at 100% speed. First,
the code profiling is performed. This is a preliminary
step leading up to—but not directly linked to—the en-
ergy consumption analysis. The third series of experi-
ments measures and profiles the energy consumption of
the nodes. Finally, the concluding experiment provides
our main contributions, which are a number of formulas
for empirically predicting the energy usage for different
size Java-based nodes for our own software implemen-
tation.

3 Energy Consumption Profiling for Local
Classification

Energy consumption is measured on artificial problems
using four nodes of different hardware and software.

3

Each of the three problems trains a binary SVM classi-
fier with two, three, and, four support vectors (sv). The
experiment is then to retrieve the functional output of
the trained SVM for different numbers of test points.
This experiment is conducted on four node platforms:
a big Java node, a medium Java node, a small Java node,
and a small TinyOs sensor node. The goal of the exper-
iment is to better understand the energy consumption
for various types of nodes.

The setup of the binary SVM classifier for this
problem is to use the dotproduct kernel, <z; - x;>.
It can be an advantage to keep the dual formulation
even though the kernel is linear as this allows for
later substitution of other kernels and straight forward
modification of the energy consumption formulas. In
this example we use the dot product kernel, which is
probably at least three times less expensive to calculate
than the Gaussian kernel [5].

We set up the experiment for four nodes. The first is
a standard laptop with a standard JVM, the second is a
Sony Ericsson p800 mobile phone, the third is a small,
native-Java processor called JStamp by Systronix [6],
and the last is an ATMEGA128L 8-bit processor.

Figure 5: Experimental setup for the p800. Note the
total system power consumption of 3.99 V % 0.14 A =
559 mW for a running JVM. The measurement instru-
mentation is placed between the battery and the phone.

Three nodes are equipped with different JVMs and
one is running TinyOs.

The big node has a traditional JVM, which is
utilized by Java end-users. Implementation of the Java
interpreter on the medium node is based on Sun’s small
KVM. On the small node, the Java interpreter is based
on the native Java executing chip from aJile. Lastly,
the Tiny node is running TinyOs, which is programmed
using nesC language [7]. It should be noted that the



Table 1: Properties of the Nodes

’ H Big \ Medium \ Small \ Tiny ‘
0S Win 2000 Symbian 7.0 JEM2 TinyOs
Processor Intel P4, 1.4 GHz | 32-bit RISC ARM9 aJ-80 ATMEGA128L
Environment JVM KVM CLDC TinyOs
API J2SE 1.4.2 Sun PJAE 1.1.1a | CLDC 1.0 nesC
Weight 3.18 kg 148 g 102 g 0.46 g °
“The weight of the print board and components are included.
bWeight ATMEGA128L chip without board etc.
Table 2: Node Electricity and Power Properties
’ H Big ‘ Medium ‘ Small ‘ Tiny ‘
Voltage 16.3 'V 3.99 V (battery) 15.22 V 11.8 'V
SVM Loaded 1230 mA 10 mA 26.4 mA | 166.0 mA
SVM Running 1950 mA 140 mA 43.5 mA | 174.3 mA
Power Consumption® || 11,736 mW 518.7 mW 260.3 mW | 97.9 mW

%Power consumption is calculated by the difference in total system

power with the SVM running minus the SVM in idle state. This
gives the marginal power consumption.

Figure 6: Experimental setup for the ATMEGA TinyOs
Node. The total developer system power consumption
including the running tinySVM program is 11.8 V *
1743 mA=21W.

JStamp processor has a lower energy consumption than
the full developer station. The JStamp processor uses
200mW when running on a 3.3 V DC battery. This
is close to the 260mW that we measured as the extra
power used when running the JStamp versus not. The
ATMEGA processor draws 100 mW according to the
specifications, which makes the 97.9 mW measurement
quite accurate. However, our approach to estimating

the marginal energy is rater crude as components on
the development boards can interfere.

The experiment measures how much time it takes
the three different systems to classify different numbers
of new unclassified data points p. The experiment is
repeated three times while increasing the number of
support vectors (sv) in the SVM model. In the first run,
the number of sv is just two, then three in the second
run, and finally four in the last run. After the series of
experiments, we have time measurements that depend
on two parameters: the number of sv in the algorithm
and the number of p to classify. If we can estimate
the formula for the prediction time depending on the
number sv and p then it is possible to use that formula
in conjunction with power consumption to estimate the
energy usage of the node, and thus how much of its
battery life we use on a given task.

The classification portion of the DSVM program has
been ported to nesC. This SVM is labelled tinySVM.
An important difference between the big/medium /small
systems and the tiny system is that the ATMEGA
chip does have support for floating point arithmetic.
Therefore it solves a simpler task than the other three
systems in that all Java double variables have been
interchanged with uint32_t. It could still provide some
new insight to compare across the two systems.

It is possible to calculate the average number of p
each of the systems can predict each second using time
measurements. This is derived by dividing the sum of



Table 3: Time Measurements in ms for SVM with Two
Support Vectors

’ p H Big \ Medium \ Small \ Tiny ‘
100,000 71 4,172 25,984 | 16,023
200,000 130 8,328 51,967 | 18,928
300,000 170 | 12,500 77,950 | 28,400
400,000 || 210 | 16,640 | 103,934 | 37,865
500,000 | 251 | 21,594 | 129,918 | 47,328
600,000 | 300 | 28,703 | 155,901 | 56,802
700,000 | 351 | 29,110 | 181,885 | 66,265
800,000 || 400 | 38,093 | 207,869 | 75,739
900,000 | 451 | 39,719 | 233,853 | 85,202
1,000,000 || 500 | 44,531 | 259,836 | 94,667

Table 4: Average Number of Classified Points Per ms
’ SV H Big ms \ Medium ms \ Small ms \ Tiny ms ‘

2 1,940.7 22.6 3.8 10.4
3 1,408.1 16.2 2.6 7.4
4 1,046.0 12.3 2.0 5.7

points with the total time for each of the systems in
Table 3 and similar (but omitted) tables for three and
four support vectors into Table 4.

It is evident that the big system is faster than the
three smaller systems, as expected. The ATMEGA chip
is also faster than the JStamp.

Time equations for each of the systems can be calcu-
lated using ordinary least square regression (we discard
the constant term) on each of the three observation sets
in Table 5. This yields the time it takes to classify a
given number of p for a SVM model with a given num-
ber of sv. The results of this regression are shown in
(3.1), (3.2), (3.3), and (3.4):

(3.1) thig(sv,p) = 0.221 x 1072 ms x sv x p

(3.2)

tmedium (sv,p) = 19.15 x 1072 ms x sv X p

Table 5: Average Time for Classifying One Point

’ SV H Big \ Medium ‘
2 []0515x10%s | 443 x107° s
3 | 0.710x107%s | 61.8x10°% s
4 110956 x107%s | 81.6x107% s
SV Small Tiny
2 12632x10%s | 95.9%x10°%s
3 || 384.6x107% s | 134.8 x107% s
4 || 500.0x107% s | 175.0 x 1076 s

(3.3) temant(5v,p) = 118.4 x 1073 ms x sv x p

(3.4) triny (sv,p) = 39.6 x 1072 ms x sv x p

Marginal energy equations can be constructed by
multiplying the time in (3.1), (3.2), (3.3), and (3.4)
for each node with the marginal power consumption in
Table 2, as measured earlier. The results are in (3.5),
(3.6), (3.7), and (3.8).

ebig(sv,p) = 11,736 mW x 0.221 x 1072 ms x sv x p

=259 pJ X sv X p
(3.5)

Cmedium (50, ) = 518.7 mW x 19.15 x 1073 ms x sv x p
=993 puJ X sv X p
(3.6)

Csmalt (50, p) = 260.3 mW x 118.4 x 1072 ms x sv X p
=30.82 uJ X sv xp
(3.7)

etiny (50, p) = 97.9 mW x 39.6 x 1073 ms x sv x p
=39 puJ xsvxp

(3.8)
(3.9)
2.59 pJ x sv x p  for big node
9.93 uJ x sv xp  for medium node
e(sv,p) =

30.82 pJ x sv x p for small node

3.9 uJ X svxp for tiny node

It may be useful to summarize this analysis with
two examples of how these results can be applied.
Ezample 1: Estimation of marginal energy usage
for classifying 500 testpoints on a JStamp node for an
SVM based on three sv.
(3.10)
e(sv = 3,p = 500) = 30.82 pJ x3 svx500 p = 46.23 m.J



In this example, the JStamp system would use about 46
mJ to classify the 500 new points.

Ezxample 2: Should a node classify on the node or
pass on the data directly to another node for remote
classification and then await the result? The answer
depends on the cost of radio transmitting the full data
set, the cost of the remote classification, and the cost
of transmitting back the model to the node. For some
configurations the optimal decision would be to classify
locally, and in other instances it is better to send the
data to a less energy consuming node.

4 Energy Usage in Local Classification and
Radio Exchange

One hypothesis of the DSVM system is that it should
be advantageous—in some situations—to classify new
observations locally before making a decision if the ra-
dio should be activated. In this experiment we test the
energy consumption of classifying one new point on the
JStamp vs. performing an immediate exchange of the
point. The radios used in the experiment MaxStream
24 XStream 2.4 GHz 9600 Baud Wireless Module. First,
the JStamp developer station is connected to one ra-
dio and the second radio is connected to the Big node.
Then the ClassificationOutput- DataPoint is seri-
alized in Java, and the byte array is written to the
javax.comm.SerialPort class of the JStamp developer
board.

Figure 7: The wireless setup with MaxStream radios
and JStamp. The JStamp connected MaxStream radio
is transmitting while the ampere meter display a reading
of 168.4 mA.

The basic experimental results are presented in
Table 6. It is interesting that the size of the seri-
alized data point is quite large but that is the re-
sult of programming in an object oriented manner.

Table 6: Experiment Data for Local Classification
Versus Exchange
‘ Item ‘ Measurement ‘
Data serialized 102 bytes
Radio idle 85.3 mA x 7.98 V
= 680.7 mW
Radio sending 168.4 mA x 7.65 V
=1,288.3 mW

1,288.3 — 680.7 = 607.6 mW
Data exchange 107.5 ms\datapoint

Data classification | 263.2 x 1076 s

Number of SVs 2

Radio marginal

The ClassificationOutput DataPoint contains sev-
eral other objects [4] and each of those add size to the
data object, which also contains its Lagrange multiplier,
a. In short, the Lagrange multiplier o determines the
relative importance of a support vector. It is an advan-
tage of the SVM that the datapoint and the « are so
closely related. For the radio, the marginal energy con-
sumption has been calculated by subtracting the idle
energy from the sending energy. The difference is the
marginal energy, which will be used to calculate the cost
of sending a data point. It takes the modem 102ms
to exchange the data point. This result was achieved
by exchanging 100,000 datapoints and then taking the
average. The associated java.io.OutputStream of the
serial port was flushed between each point sent. We also
note the time spent on classifying a novel data point on
the JStamp in Table 5 containing the average time for
classification with two sv.

As a result of this experiment we would like to
understand the energy cost ratio between classifying a
data point locally versus just transmitting it over the
wireless link in a serialized form. This ratio is calculated
by dividing the cost of radio transmission with the cost
of local classification.

607.6 mW x107.5x10~2 s
260.3 mW x263.2x10-0 s

radio_vs_classification —

(4.11)
= 953.4 ~ 103

To check the transferspeed, we can note that the
wireless modem is set up with 1 stop bit and no parity
bit. With the start bit and the 8 bits of data then each
of the 102 bytes are of length 10 bits. The achieved

transfer rate is thus #ﬁm x 102 bytes/point x

(8 bit + 2 bit) = 9488 bit/s which is close to the 9600
baud specification.



5 Discussion of Results

Our results fall into four categories:

1. Porting and analysis of the SVM algorithm in a
distributed setting.

2. Energy profile of the system on four systems
that run on J2SE, plJava, CLDC 1.0, and
TinyOs/ATMEGA128L.

3. Demonstration that the embedded Java device can
perform classification using an SVM based on Java
and nesC.

4. Experimental demonstration suggesting that local
classification is about 10° less energy consuming
than radio exchange.

There are two issues of interest: One is that the
big Java node is more energy efficient than the smaller
Java nodes. In terms of the ATMEGA sensor node
equipped with TinyOs, it is interesting to note that it
is seven times less energy consuming to classify on that
node compared to the JStamp node. However, since
the TinyOs program did not use floating points, then
the direct comparison of the two system is not possible.

The classification versus radio exchange and the
four energy equations in (3.9) provide the key results
as it can be counterintuitive that both the medium
(the p800) and the small node (JStamp) use approx. 3
and 10 times more energy than the big node (standard
laptop) when classifying a new data instance.

6 Conclusion

We have provided an analysis of the novel idea of using
support vectors machines in distributed data mining,
and specifically in this paper we have conducted a
series of energy related experiments. Finally, we also
demonstrated that it is possible to define a model based
on statistical learning theory by specifying which kernel,
algorithm, and mode the model is used for.

It is foreseeable that radiocommunication cost will
play an important role in future designs of distributed
and wireless Java based sensor networks. We consider
building a simulator that can be configured with the en-
ergy cost to assist designers of wireless sensor networks
to strike the balance between computing locally on the
node versus sending information to the a more power-
ful central node. Commercial availability of wireless RF
modems for the popular JStamp developer station [6] is
scheduled for fall 2004, which will further enable devel-
opment of wireless Java based sensor networks.

Besides embedding a decision making algorithm on
the node itself, we believe that this approach is applica-
ble for a well-accepted sensor network application such

as TinyDBJ8], which could use this framework for cre-
ating intelligent event triggers. In the Java context, we
plan to port the DSVM to the popular WEKA open
source data mining package.
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