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Foreword

With the unprecedented rate at which data is being collected today in almost all fields
of human endeavor, there is an emerging economic and scientific need to extract
useful information from it. Many companies already have data warehouses in the
terabyte range (e.g., FedEx, UPS, Walmart, etc.). Implementation of datamining
ideas in high−performance parallel and distributed computing environments is thus
crucial for ensuring system scalability and interactivity. 

The goal of this workshop is to bring researchers and practitioners together in a
setting where they can discuss the design, implementation, and deployment of large−
scale, parallel KDD systems, which can manipulate data taken from very large
enterprise or scientific (e.g., space missions, human genome project, etc.)databases,
regardless of whether the data are located centrally or are globally distributed.

These informal proceedings contain 8 papers that were accepted for presentationat
the workshop. In addition, the program includes four invited presentations by Reagan
Moore from San Diego Supercomputer Center, Umeshwar Dayal from Hewlitt−
Packard Research, Graham Williams from Commonwealth Scientific and Industrial
Research Organisation, Australia, and by Robert Grossman and Yike Guo from the
University of Illinois, Chicago, and Imperial College, UK. Finally, the program
includes a panel on the future of large−scale parallel data mining, with the panelists
including Vipin Kumar (U. Minnesota), Ron Musick (Lawrence Livermore National
Labs), and Foster Provost (Bell Atlantic).

We would like to thank all the authors and attendees for contributing to the success of
the workshop. Special thanks are due to the program committee for help in reviewing
the submissions.

Mohammed J. Zaki and Howard Ho

Workshop Chairs
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A High Performance Implementation of the
Data Space Transfer Protocol (DSTP)

S. Bailey, E. Creel, R Grossman�, S. Gutti, and H. Sivakumar
National Center for Data Mining (M/C 249)

851 S. Morgan Street
University of Illinois at Chicago

Chicago, IL 60607

Abstract

With the emergence of high performance networks, clus-
ters of workstations can now be connected by com-
modity networks (meta-clusters) or high speed networks
(super-clusters) such as the very high speed Backbone
Network Service (vBNS) or Internet2's Abilene. Dis-
tributed clusters are enabling a new class of data min-
ing applications in which large amounts of data can be
transferred using high performance networks and statis-
tically and numerically intensive computations can be
done using clusters of workstations.

In this paper, we briey describe a protocol called the
Data Space Transfer Protocol (DSTP) for distributed
data mining. With high performance networks, it
becomes possible to move large amounts of data for
certain queries when necessary. This paper describes
the design of a high performance DSTP data server
called Osiris which is designed to eÆciently satisfy
data requests for distributed data mining queries. In
particular, we describe 1) Osiris's ability to lay out
data by row or by column, 2) a scheduler intended
to handle requests using standard network links and
requests using network links enjoying some type of
premium service, and 3) a mechanism designed to hide
latency.

1 Introduction

In this paper we consider some of the issues that arise
in distributed data mining when large amounts of data
are moved between sites. One of the fundamental trade-
o�s in distributed data mining is between the cost of
computation and the accuracy of results. We assume:
1) that there is a cost for moving data between sites, and
2) that the most accurate model is obtained by moving
all the data to a single site. Leaving some or all of
the data in place, building local models, and merging

the resulting models, produces a model which is less
accurate, but which, in general, is also less expensive to
compute.
The cost of moving data to a central location with

the commodity Internet has tended to produce either
distributed data mining systems which build local
classi�ers and then combine them or data mining
systems that use standard interfaces such as ODBC
or JDBC. These protocols work best when moving
relatively small amounts of data to a central location.
Examples of the former include JAM [18] and BODHI
[15]; examples of the latter include Kensington [11].
In a previous paper [22], we have pointed out that

there are many intermediate cases in which building
classi�ers that are close to the optimal one results in
moving some of the data, leaving some of the data in
place, building local classi�ers, and combining them. In
this paper, we are concerned with the design of network
protocols and middle-ware for distributed data mining
systems which have the ability to move some data and
to leave other data in place. For example, Papyrus [7]

is a distributed data mining system of this type.
Three fundamental challenges faced by distributed

data mining systems are:

Problem A. How can the analysis of distributed
data be simpli�ed?

Problem B. How can the amount of data per site
be scaled?

Problem C. How can the number of sites be
scaled?

To address Problem A, we introduced a protocol
called the Data Space Transfer Protocol (DSTP) [1].
In this paper, we are concerned with how we can
design DSTP data servers for distributed data mining
which scale up as the amount of data per site increases
(Problem B). We describe a high performance DSTP
server we are designing called Osiris, which is a
component of a distributed and high performance data
mining system we are building called Papyrus [7].
One method of satisfying the computing and i/o

requirements for high performance data mining is to
use clusters of workstations [7] [16] [19] | compute



clusters to satisfy the CPU requirements and data
clusters to satisfy the i/o requirements. With the recent
advances in high performance networks, geographically
distributed clusters of workstations can be connected
not only with commodity networks but also with high
performance networks such as the NSF vBNS Network
supported by MCI and the Internet2 Abilene Network
supported by Qwest. For example, for the distributed
data mining tests reported below, we used a data
cluster in Chicago connected to a compute cluster
in Washington, D.C. over a DS-3 link running at
45 Mb/s. Our �rst DSTP implementation provided
approximately 3 Mb/s of throughput, while our current
implementation provides approximately 30 Mb/s of
throughput, a 10x improvement. See Table 1.
Based upon our previous experience analyzing the

performance of another distributed data mining system
we built [10], we decided to focus on three questions:

What do we store? More precisely, how should we
physically layout the data on the server? By row or by
column? Can we precompute intermediate quantities
to speed up queries?

What do we move? More precisely, to what extent
should data or meta-data be moved from node to node?
There are several possibilities: we can move data, we
can move predictive models, or we can move the results
of computations. If we decide to move data, we can
move data by table, by row, or by column.

How do we move it? What application protocol should
be used for moving data in data space? How can data
be moved in parallel between nodes? How can QoS be
exploited to improve data transport? What is the e�ect
of latency on data mining queries? What transport
protocol should we use? Given multiple requests to a
data server, how should the requests be scheduled?

The 10x performance gain we mentioned above re-
sulted from careful understanding of these issues. Sec-
tion 2 describes related work and background material.
Section 3 describes data space and the data space trans-
fer protocol. Section 4 describes the DSTP server and
three experimental studies. Section 5 is the conclusion
and summary.

2 Background and Related Work

In this section, we provide some background material
and discuss some of the related work in this area. With
the exception of [19] and [16], the work we know of
in this area is limited to data mining over commodity
networks. This section is adapted from [8].
Several systems have been developed for distributed

data mining. Perhaps the most mature are: the JAM
system developed by Stolfo et. al. [18], the Kensington
system developed by Guo et. al. [11], and BODHI

developed by Kargupta et. al. [15]. These systems
di�er in several ways:

Data strategy. Distributed data mining can choose to
move data, to move intermediate results, to move pre-
dictive models, or to move the �nal results of a da-
ta mining algorithm. Distributed data mining systems
which employ local learning build models at each site
and move the models to a central location. Systems
which employ centralized learning move the data to a
central location for model building. Systems can also
employ hybrid learning, that is, strategies which com-
bine local and centralized learning. JAM and BOD-
HI both employ local learning while Kensington imple-
ments a centralized approach using standard protocols
such as JDBC to move data over the commodity Inter-
net.

Task strategy. Distributed data mining systems can
choose to coordinate a data mining algorithm over sev-
eral sites or to apply data mining algorithms indepen-
dently at each site. With independent learning, data
mining algorithms are applied to each site independent-
ly. With coordinated learning, one (or more) sites coor-
dinate the tasks within a data mining algorithm across
several sites.

Model Strategy. Several di�erent methods have been
employed for combining predictive models built at
di�erent sites. The simplest, most common method
is to use voting and combine the outputs of the
various models with a majority vote [4]. Meta-learning
combines several models by building a separate meta-
model whose inputs are the outputs of the various
models and whose output is the desired outcome [18].
Knowledge probing considers learning from a black box
viewpoint and creates an overall model by examining
the input and the outputs to the various models, as well
as the desired output [11]. Multiple models, or what
are often called ensembles or committees of models,
have been used for quite a while in (centralized) data
mining. A variety of methods have been studied for
combining models in an ensemble, including Bayesian
model averaging and model selection [17], partition
learning [6], and other statistical methods, such as
mixture of experts [23]. JAM employs meta-learning,
while Kensington employs knowledge probing.

Papyrus is designed to support di�erent data, task
and model strategies. For example, in contrast to JAM,
Papyrus can not only move models from node to node,
but can also move data from node to node, when that
strategy is desired. In contrast to BODHI, Papyrus is
built over a data warehousing layer which can move data
over both commodity and high performance networks.
Also, Papyrus is a specialized system which is designed
for clusters, meta-clusters, and super-clusters, while



JAM, Kensington and BODHI are designed for mining
data distributed over the Internet.
Moore [16] stresses the importance of developing an

appropriate storage and archival infrastructure for high
performance data mining and discusses work in this
area. The distributed data mining system developed
by Subramonian and Parthasarathy [19] is designed
to work with clusters of SMP workstations and like
Papyrus is designed to exploit clusters of workstations.
Both this system and Papyrus are designed around data
clusters and compute clusters. Papyrus also explicitly
supports clusters of clusters and clusters connected with
di�erent types of networks.

3 Data Space and the Data Space

Transfer Protocol

We begin by describing some of the key concepts
following [1].

Data Space. We assume that data is distributed
over nodes in a global network, which we call a
data space.

Rows and Columns. Although the data may
be more complicated, we assume that the data
is organized into tables, and that each table
is organized into rows (records) and columns
(observations). Records may contain missing
values.

Catalog Files. Each DSTP server has a special
�le called the catalog �le containing meta-data
about the data sets on the server.

DSTP. We assume that there is a server on each
node which can move data to other nodes using
a protocol called the data space transfer protocol
(DSTP). Depending upon the request, DSTP
servers may return one or more columns, one or
more rows, or entire tables. DSTP servers can
also return meta-data about tables and the data
they contain.

Universal Correlation Keys. A row may have
one or more keys. Certain keys called Universal
Correlation Keys (UCK) are used for relating
data on two di�erent DSTP servers. For
example, key-value pairs (ki; xi) on DSTP Server
1 can be combined with key-value pairs (kj ; yj)
on DSTP Server 2 to produce a table (xk ; yk) in
a DSTP client. The DSTP client can then �nd
a function y = f(x) relating x and y.

Since DSTP client applications need only collect
meta-data from the catalog �les and need only move
the relevant columns, these type of applications tend to
scale better as the number of sites increases (Problem

C) than distributed data mining applications which
must move entire �les. Recall that we are interested
in the case in which some data is moved. Of course,
if suÆcient accuracy can be obtained by local analysis
followed by combining models, this is usually less
expensive than strategies which require that data be
moved.

Notice that from this perspective, distributed databas-
es are concerned with the eÆcient updates of distribut-
ed rows, while distributed data mining applications are
concerned with the eÆcient reading and analysis of dis-
tributed columns.

In the next section, we describe our e�orts to produce
DSTP servers which can eÆciently manage large data
sets.

4 The Osiris DSTP Server

Osiris is a high performance DSTP Server which is
designed to provide eÆcient read access to data. In our
design, eÆcient read access is delivered by implementing
high performance storage support, high performance
network transfer support, and di�erentiated service
support.

In this section we discuss our implementations of
these support mechanisms and some preliminary exper-
imental results which attempt to quantify the relative
performance gains for each technique. All three mech-
anisms are implemented in process space and do not
require any special tuning of the underlying hardware
or operating systems. We felt it was important to pro-
vide performance improvements that were independent
of the underlying system in order to increase portability.

4.1 Rows and Columns

Tabular data may be laid out on disk by row or by
column. Since data from disk is transfered by block,
certain queries will be more eÆcient when the data is
laid out by row (horizontally) and other queries will
be more eÆcient when the data is laid out by column
(vertically).

DSTP client applications accessing data may request
either rows of data or columns of data. If a column of
data is requested and the underlying storage layout is
horizontal, then each block will contain quite a bit of
unwanted data. The same is true if a row of data is
requested and underlying layout is vertical.

Since horizontal layouts speed up certain distributed
data mining queries and vertical layouts speed up
others, Osiris stores data in both formats. Although
this doubles the amount of space required, the I/O
traÆc is reduced signi�cantly. Since Osiris is a
distributed system, the I/O traÆc ultimately passes
through a network communication link. Since network
bandwidth is suÆciently more expensive than disk



Horizontal Store: Store Size = 4.4 GB
NC ADR in Mb/s TDT in Giga bytes TTT in seconds EPR in Events/second

1 3.06 4.4 11777.5 64
2 6.07 4.4 5926.59 253
4 10.05 4.4 3590.40 655
8 16.92 4.4 2132.05 2811
16 23.32 4.4 1550.91 7731
32 34.93 4.4 1032.24 23245

Vertical Store: Store Size = 4.0 GB
NC ADR in Mb/s TDT in Mega bytes TTT in seconds EPR in Events/second

1 1.39 269.5 1549.05 400
2 2.75 269.5 797.00 1554
4 3.81 269.5 566.42 4377
8 6.75 269.5 320.45 15482
16 9.74 269.5 223.05 44590
32 13.96 269.5 152.52 126918

Table 1: Performance analysis of horizontal vs. vertical stores.
NC - Number of clients requesting data
ADR - Aggregate Data Rate
TDT - Total Data Transferred
TTT - Total Time Taken for completion of application
EPR - Events Processing Rate

capacity, we feel the 2X increase in required storage
is more than compensated for.
The following results are from a proof of concept

DSTP data server located at the University of Illinois
at Chicago being accessed by multiple clients located
at an Internet2 member facility in Washington, D.C.
called Highway One. The two sites are connected by
the NSF/MCI vBNS Network. Even though vBNS is
an OC-3 network o�ering maximum bandwidth of 155
Mb/s, the end nodes at Highway One were connected
via a DS-3 link, which limited the maximum bandwidth
of the testbed to 45 Mb/s.

For this test, we used an application benchmark we
developed called the Event Benchmark, which is broadly
derived from high energy physics. The data consists of
a large collection of events, with each event containing
several hundred attributes. An energy like function
is computed from the attributes of an event and the
energies of the event are histogrammed.

To better understand quantitative e�ects of the
Horizontal/Vertical Layout strategy, we �rst laid out
the data horizontally and ran the application, and then
we laid out the data vertically and ran the application.
In the �rst case, all the event data was stored as

rows (i.e., each event was a row). In the second case,
the event data was stored attribute by attribute as
columns. The Event Benchmark speci�es that event

level summary data is to be stored separately and
analyzed at run-time to �nd out which attributes are
to be requested and processed. In other words, this
particular application requests columns of data based
on some criteria. Therefore, we expected that a vertical
layout should provide better performance.
Table 1 shows the performance results. The Event

Processing Rate (EPR) is an an application benchmark
of eÆciency. Aggregate Data Rate (ADR) and Total
Data Transferred (TDT) are system performance mea-
sures. The desired result is to maximize application
eÆciency with the least load on the system. Clearly,
the vertical layout provided better performance, as ex-
pected.
This experiment demonstrates the e�ect that lay-

out has on application performance. Because we can-
not predict whether applications will request rows or
columns, storing the data both horizontally and verti-
cally will guarantee performance gain.

4.2 Di�erentiated Service Support with

Di�-Serv Scheduler

Osiris is being developed to simultaneously serve clients
on both commodity and high performance networks.
Because of the premium nature of high performance
networks, it is desirable that clients on these networks
have some precedence over clients on commodity net-



NC ART-P in seconds ART-PS in seconds ART-C in seconds ART-CS in seconds

1 606.3 570.4 422.1 447.4
2 577.5 557.5 445 463.5
3 574.4 558.5 568.5 581.3
4 566.6 566.5 715 740
5 565.9 562.16 880.9 892.7

Table 2: Performance of Di�-Serv scheduler
NC - Number of clients requesting data per service type
ART-P - Average run-time for premium clients (no scheduling)
ART-PS - Average run-time for premium clients (with Di�-Serv scheduling)
ART-C - Average run-time for commodity clients (no scheduling)
ART-CS - Average run-time for commodity clients (with Di�-Serv scheduling)

works. Treating premium clients and commodity clients
di�erently constitutes a type of Quality of Service(QoS)
called di�erentiated services [20].
Di�erentiated service support in Osiris is another

mechanism that attempts to contribute to the require-
ment of eÆcient read access. In this context, eÆciency
refers to system wide resource utilization as opposed to
per process performance.

Because the currently popular Internet protocol suite
(IP) does not support any kind of QoS mechanism, we
chose to implement di�erentiated service support as a
characteristic of the scheduling mechanism for client
requests to Osiris. We refer to this scheduler as the
Di�-Serv Scheduler.
When a client attaches to Osiris, it informs the server

whether it is a premium client or a commodity client.
Data block requests are then scheduled for service
as they arrive with premium client requests getting
preferential treatment. Please see [12] for full design
and implementation details of the Di�-Serv Scheduler.
For our experimental study, a single server was run on

a machine connected to the network through Switched
Fast Ethernet (100 Mbps). An equal number of clients
connected to both Switched Fast Ethernet (premium
clients) and Switched Ethernet (commodity clients)
were launched and connected to the server.

The premium clients each made 10,000 random block
requests, and the commodity clients each made 5,000
random block requests. The default block size for
Osiris is 16KB. Every client waited for an exponentially
distributed random delay between block requests. This
delay was introduced to cause a Poisson distribution of
request arrivals to the server and was an attempt to
simulate real application behavior.
Experiments were conducted which compare system

performance with Di�-Serv scheduling turned on a-
gainst system performance with Di�-Serv scheduling
turned o�. Measurements were made with a total of
two to ten clients. The results are presented in Table 2.

Please note that when Di�-Server scheduling is turned
o�, the system defaults to FIFO scheduling.
The desired results were achieved. In all cases, pre-

mium client response time improved while commodity
client response time diminished when our implementa-
tion of Di�-Serv scheduling was turned-on.

4.3 High Performance Network Transfer

Support with PSocket

It has been well documented that latency characteristics
of TCP over wide area networks, or more precisely
networks with large "bandwidth � delay" products,
have a signi�cant negative impact on per process
communication performance [13]. Various protocol and
implementation level solutions have been suggested [14]
[5]. One technique is for the sender to send multiple
messages to the receiver in parallel [21].
In order to provide high performance network trans-

fer support, we allow a single process to break up a
message and then send the pieces in parallel over mul-
tiple communication links (e.g., TCP sockets) to the
receiver who then rebuilds the entire message. We refer
to this technique as Transport Layer Multiplexing and
have implemented a simple-to-use interface for applica-
tion integration called PSocket (as in Parallel Socket).
For full details please refer to [2].
Osiris will use PSockets to increase the data transfer

rate on a per client process basis. The results in Table
3 are from a single, non-threaded sender process using
PSocket, located at the University of Illinois at Chicago,
sending data to a single non-threaded receiver process
using PSocket located at Highway One. The two
sites are connected by the NSF/MCI vBNS Network.
Highway One connects to vBNS via a DS-3 link, which
limited the maximum theoretical bandwidth of the
testbed to 45 Mb/s.
The experiment measured the wall clock transfer

time of a 100 MByte bu�er. Results show that with
a PSocket of size 5, a large portion of the practical



TM TT in seconds AATR in Mbps

traditional single socket 96 8.3
PSocket size 2 57 14.0
PSocket size 3 34 23.5
PSocket size 4 30 26.7
PSocket size 5 26 30.8
PSocket size 6 26 30.8
PSocket size 7 26 30.8

Table 3: Performance of Transport Layer Multiplexing with PSocket. (Note: The practical limit of the 45 Mb/s
DS-3 appears to be about 35 Mb/s.)
TM - Transport Mechanism
TT - Transfer Time for 100 MBytes
AATR - Application Apparent Transfer Rate

transfer rate of the DS-3 was consumed by the transfer.
As a reference, the transfer rate using traditional, single
socket programming was given.

5 Conclusion

In general, the less data which distributed data mining
systems move, the less expensive the computation.
However, due to the level of accuracy required or to
the nature of the data, it is sometimes necessary to
move large amounts of data between sites. With the
emergence of high performance networks this becomes
practical in many circumstances in which it would have
previously been impractical.
In this paper, we have described some of the design

considerations for a high performance data server called
Osiris which is part of the Papyrus distributed data
mining infrastructure and presented some experimental
results describing its use on an application benchmark
requiring the computation of histograms.
In particular, we describe a design which supports

high performance storage, high performance network
transfer, and di�erentiated network services, such as
commodity links and high performance links. This
design provides at least a 10x improvement over a more
naive design. We expect this to grow to 100x for certain
applications and network con�gurations.
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Active Mining in a Distributed Setting �S. Parthasarathy, S. Dwarkadas, M. OgiharaDepartment of Computer ScienceUniversity of RochesterRochester, NY 14627{0226fsrini,sandhya,ogiharag@cs.rochester.eduAbstractMost current work in data mining assumes that the datais static, and a database update requires re-mining boththe old and new data. In this article, we propose an alter-native approach. We outline a general strategy by whichdata mining algorithms can be made active | i.e., main-tain valid mined information in the presence of user in-teraction and database updates. We describe a runtimeframework that allows e�cient caching and sharing of dataamong clients and servers. We then demonstrate how ex-isting algorithms for four key mining tasks: Discretization,Association Mining, Sequence Mining, and Similarity Dis-covery, can be re-architected so that they maintain validmined information across i) database updates, and ii) userinteractions in a client-server setting, while minimizing theamount of data re-accessed.1 IntroductionAs we enter the digital information era, one of thegreatest challenges facing organizations and individu-als is how to turn their rapidly expanding data storesinto accessible knowledge. Digital data sources areubiquitous and encompass all spheres of human en-deavor: from a supermarket's electronic scanner to aworld wide web server, from a credit card reader tosatellite data transmissions. Organizations and indi-viduals are increasingly turning to the extraction ofuseful information, referred to as data mining, fromsuch databases. Such high-level patterns, or infer-ences, extracted from the data may provide informa-tion on customer buying patterns, on-line access pat-terns, fraud detection, weather trends, etc.�This work was supported in part by NSF grants CDA{9401142, CCR{9702466, CCR{9705594, CCR-9701911, CCR-9725021, and INT-9726724; DARPA grant F30602-98-2-0133;and an external research grant from Compaq.

A typical data mining technique can be thoughtof as an exploration over a huge user-de�ned patternspace, with the role of the data being to selectpatterns with a desired degree of con�dence. The setof accepted patterns is a function of both the dataand the user-de�ned pattern space (controlled by theinput parameters). The data mining process tendsto be interactive and iterative in nature, i.e., afterobserving the results from the �rst round of mining,the user may choose to repeatedly modify the inputparameters, thereby a�ecting the set of acceptedpatterns. Also, since businesses are constantlycollecting data, the data is also subject to change,again a�ecting the set of accepted patterns.Most current techniques, which tend to be staticin nature, simply re-execute the algorithm in the caseof data updates or user interaction. There are severallimitations to this approach. First, although manyof these techniques have parallel solutions [20, 28, 4]that are e�cient in storage, access, and scale, they arestill computationally expensive. Second, re-executingthe algorithm requires re-examining both the oldand new data, and hence I/O continues to be abottleneck. These problems are further exacerbatedin applications such as electronic commerce and stocksequence analysis, where it is important to executethe query in real or near-real time, in order to meetthe demands of on-line transactions. Also, more andmore such applications are being deployed as client-server applications where the server is physicallyseparate from the client machine. Such a setup isalso common within an organization's intra-net whenthere may be several groups mining, perhaps withseparate agendas, from a common dataset. Ensuringreasonable response times in such applications is mademore di�cult due to the network latency and serverload overheads. This leads to the following challenge:In order to meet the demands of such interactiveapplications, can existing algorithms be re-architected,making them e�cient in the presence of user interac-tions and data updates, in a distributed client-serversetting?



1.1 Proposed SolutionWe refer to algorithms that maintain valid minedinformation in the presence of user interaction anddatabase updates as active algorithms. The mainchallenge is to perform the active mining in a storageand time e�cient manner. This paper describes ageneral strategy by which data mining tasks can bere-architected to work e�ciently with the constraintsoutlined above.We accomplish our objective by maintaining amining summary structure across database updatesand user interactions. On a database update, therevamped algorithm replaces accesses to the olddata with accesses to the mining summary structurewhenever possible. This ensures that information thatis previously mined can be re-used when the databaseis updated. On a user interaction, the hope is thatthe mining summary structure can answer the querywithout accessing the original data.The design criteria for such a summary structureare: i) it should allow for incremental maintenanceas far as possible, i.e., the mining summary structurefrom the old data along with the data update shouldideally be su�cient to produce the new summarystructure, avoiding accesses to the old data as far aspossible, ii) it should store su�cient information toaddress a wide range of useful user interactions, andiii) it should be small enough to �t in memory sothat accessing it rather than the old data provides asigni�cant performance gain.While the above solution can potentially solve theactive mining problem, deploying these algorithmse�ciently in a distributed setting is non-trivial. Intypical client-server applications, the client makesa request to the server, the server computes theresult, and then sends the result back to the client.The query execution time is signi�cantly inuencedby the speed of the client-server link as well asthe server load. Since the interactions in ourapplications are often iterative in nature, cachingthe aforementioned summary structure on the clientside so that repeated accesses may be performedlocally eliminates overhead and delays due to networklatency and server load. In order for this to be ane�ective solution, the summary structure should notbe very large (re-emphasizing point iii) above), andan e�cient mechanism for communicating updates isrequired.Such summary structure sharing requires e�cientcaching support. We have built a general-purposeframework called InterAct that facilitates the devel-opment of interactive applications. InterAct supportssharing among interactive client-server applications.The key to the framework is an e�cient mechanismto facilitate client-controlled consistency and sharingof objects among clients and servers (this allows ap-plications that can tolerate some information loss to

take advantage of this to increase e�ciency by reduc-ing communication). Advantages within the scope ofour work include: the ability to cache relevant dataon the client to support interactivity, the ability toupdate cached data (when the data changes on theserver) according to application or user preferenceswhile minimizing communication overhead, and theability to extend the computation boundary to theclient to reduce the load on the server. We use thisframework to develop our applications.1.2 ContributionsIn this paper:1. We describe a general methodology for creatingactive mining solutions for existing applications.2. We present active mining solutions for discretiza-tion, association mining, sequence mining, andsimilarity discovery in a distributed setting.3. We describe the InterAct framework, which, alongwith the changes to the algorithms for activemining, allows e�ective client-server distributionof the computation.The next section presents the InterAct frameworkon top of which we implement our active miningalgorithms. We also outline our general approachto the problem of making algorithms active. Sec-tions 3 (Discretization),4 (Association/Sequence Min-ing), and 5 (Similarity Discovery) describe the appli-cations we look at and our speci�c approach to makeeach of them active. We present and evaluate our ex-perimental results in Section 6. Section 8 details ourconclusions.2 InterAct FrameworkInterAct is a runtime framework that presents theuser with a transparent and e�cient data sharingmechanism across disparate processes. The goal isto combine e�ciency and ease-of-use. InterAct al-lows clients to cache relevant shared data locally, en-abling faster response times to interactive queries.Further, InterAct provides exible client-controlledmechanisms to map and specify consistency require-ments for shared data.In order to accomplish its goal of transparentlysupporting interactive applications, InterAct:� De�nes a data (structure) format for sharedobjects that is address space and architectureindependent. Our implementation relies on theuse of C++ and some programmer annotationto identify the relevant information about shareddata to the runtime framework.� Identi�es, de�nes, and supports the di�erenttypes of consistency required by such applications



(described in [16]). In many domains (electroniccommerce, credit card transactions), the data thatis being queried is constantly being modi�ed. Therate at which these modi�cations are requiredto be updated in the client's cached copy mayvary on the basis of the domain, application, orspeci�c user. This rate can be controlled byexploiting the appropriate consistency model toenhance application performance.� Provides an underlying mechanism to transpar-ently handle the consistency demands as well ascomplex object transfer requirements. The goalhere is to reduce programming complexity by hid-ing as much of the underlying communication fromthe application developer as possible.For more framework details and the consistencytypes supported, see [16].2.1 Active Mining and InterAct

Figure 1: Client-Server Mining using InterActSince mining applications typically operate onlarge data sets that reside on a data server, communi-cating these datasets to the client would be infeasible.However, in this paper we show that it is possible todesign useful summary structures for a range of min-ing applications, so that subsequent queries can op-erate on these summary structures. This summarydata structure can be generated by the data distiller(server), and subsequently operated on by the client.Hence, the applications can be structured as shownin Figure 1, so that the data server is responsible forcreating the data structure(s), mapping them ontoa virtual shared dataspace, and subsequently keepingthem up-to-date. The client can then map the datastructure(s) from the virtual shared dataspace undera desired consistency model, thus enabling the clientto respond to interactive queries without having to goto the data server.

In order for the above setup to be e�ective thesummary data structure should satisfy three keyproperties. First, it should be able to directly answera range of interactive queries without requiring accessto the data as far as possible. This criterion minimizesthe client-server communication, as well as serverload. Second, the summary structure should beincrementally maintainable. This criterion ensuresthat changes to the data can be rapidly reected in thesummary structure. Third, the summary structureshould not be very large as otherwise communicatingit to the client may be very expensive. In the ensuingsections, we describe how such summary structurescan be designed for Discretization, Association andSequence Mining, and Similarity Discovery.3 2-D discretizationDiscretization is the process by which the range ofa given base attribute (or independent variable) ispartitioned into mutually exclusive and exhaustiveintervals based on the value of a related goal attribute(or dependent variable), whose behavior we would liketo predict or understand. Discretization has primarilybeen used for summarization [8], as well as for growinga decision tree [19].Typically, a single attribute is used as the decisionvariable. However, one can also consider extensionsto more than one base attribute (e.g., X > 5^Y < 6)as long as the decisions remain simple. The needfor this is often encountered where repetitive appli-cations of the single-attribute discretization do notprovide optimal results, while a single, integrated two-dimensional approach does. In [17], the partitioningof a two dimensional base attribute space is de�nedin terms of control points. A single control point par-titions the base attribute space into 4 rectangular re-gions. The rectangular regions are induced by draw-ing lines through the control point that are perpen-dicular to the two axes. Two control points partitionthe base attribute into up to 9 regions. The e�ect ofdiscretization is to approximate the behavior of thegoal attribute as the same for all points in a region.The purpose of the algorithm is to �nd the position ofthe control point(s) that optimizes a given objectivefunction.The input to a discretization algorithm could beeither the raw data or a joint probability densityfunction (pdf) of the base and goal attributes derivedfrom the data. Using the data directly eliminateserrors associated with pdf estimation. However, usinga pdf enables one to use more meaningful errormetrics such as Entropy [9]. Second, it permitsusers to encode domain knowledge by altering theshape and type of kernel (normal, poisson, binomial,etc.) used for density estimation. Further, it lendsitself to a client-server architecture where density



estimation could be done on the server and a compactrepresentation shipped to the client.Evaluating any pair of base attributes involves 2steps: computing the three dimensional probabilitydensity (pdf) estimate (two base attributes andthe goal attribute), and searching for the optimal(determined by the objective function: Classi�cationError) discretization.3.1 InteractivityThe idea in interactive discretization is that an enduser ought to be able to modify process parameters.The interactive features currently supported in our al-gorithm include: i) choosing from a set of algorithms(brute force search, approximate search), and metrics(entropy, error), to compute the optimal discretiza-tion, ii) changing the number of control points (1, or2), iii) changing the position of control points, and iv)changing the parameters for pdf estimation.Ideally, all these features need to be supportede�ciently without excessive I/O or computation.3.2 Summary StructureAs mentioned earlier, the summary structure requiredto support such interactions e�ciently is the jointpdf p(base1; base2; goal). This pdf is estimated atdiscrete locations. While several techniques exist toestimate the density of an unknown pdf, the mostpopular ones are histogram, moving window, andkernel estimates [7]. We use the histogram estimatedescribed in [7]. The advantage of this estimate is thatit can be incrementally maintained in a trivial manner(a histogram estimate is essentially the frequencydistribution normalized to one). Moreover, the morecomplicated kernel estimates can easily be derivedfrom this basic estimate [7].With a few modi�cations, the histogram pdfestimate can handle each of the interactions describedabove. If there are n points in the estimate,computing the objective function for a given controlpoint takes O(n) time. Since the objective ofdiscretization is to �nd the control point(s) thatoptimizes the given objective function, a brute forcesearch will take O(n2) (O(n4) for two control points)time. Recently, we have shown that smarter methodscan reduce this time complexity to O(n) (O(n2)for two control points) with additional memory(O(n)). Alternatively, fast approximate searches likesimulated annealing can be used to generate gooddiscretizations quickly [17].Changing the control point in small incrementalways (moving the control point along one of the twoaxes in unit steps), enables one to compute the newobjective functions (entropy or error) in unit timeat the cost of additional storage (O(n)). Changingthe parameters for pdf estimation can also be donequickly using the histogram estimate [7].

In order for the summary structure to be coste�ective, the size of the structure (n, the number ofpoints in the estimate) must be small enough so thati) it can be cached easily on remote clients, and ii) itcan allow for faster interactions. In the next section,we describe an experiment that explores the tradeo�between the size of the summary structure and theaccuracy of the discretization obtained.3.2.1 Accuracy vs. Summary SizeWe evaluate the premise that it is possible to createa condensed representation of the data (probabilitydensity function) without serious degradation in thequality of discretizations obtained. This enables e�-cient client-server partitioning, and allows o�-loadingparts of the computation to another machine, therebyreducing the load on the server, and potentially im-proving interaction e�ciency.Experimentally, we have found that the numberof points at which the pdf needs to be evaluated(determined by grid size) without signi�cant qualitydegradation is not large. Our results are summarizedin Figure 2. The results reported are for two syntheticdata sets, XOR and LL. These are described in [17] 1.Both have 100,000 instances and 2 base attributes. Itis easy to see that the quality (error minimization) ofdiscretization does not improve much beyond a gridsize of 642.Data Set Grid Size ErrorXOR 162 18.87%XOR 322 18.13%XOR 642 17.90%XOR 1282 17.86%LL 162 12.47%LL 322 12.2%LL 642 12.2%LL 1282 12.3%Figure 2: E�ect of grid size for pdf evaluation onquality of resultsThe resulting summary structure for discretizationsatis�es all the properties for e�cient active mining:it is bounded and small, it can be used to handle awide range of client queries without going back tothe original database, and it can be incrementallymaintained.4 Association/Sequence MiningIn this section, we consider two of the central data-mining tasks, i.e., the discovery of association rules1Available via anonymous ftp fromftp.cs.rochester.edu/pub/u/srini



and the discovery of sequences. The discussion belowfollows [28] (associations) and [27] (sequences).The problem of mining association rules over basketdata was introduced in [2, 3]. It can be formally statedas: Let I = fi1; i2; � � � ; img be a set of m distinctattributes, also called items. Each transaction Tin the database D of transactions, has a uniqueidenti�er, and contains a set of items, such thatT � I. An association rule is an expression A ) B,where A;B � I, are sets of items called itemsets, andA\B = ;. Each itemset is said to have a support S ifS% of the transactions in D contain the itemset. Theassociation rule is said to have con�dence C if C% ofthe transactions that contain A also contain B, i.e.,C = S(A [ B)=S(A), i.e., the conditional probabilitythat transactions contain the itemset B, given thatthey contain itemset A.Sequence Mining can be thought of as associationmining over temporal datasets. A sequence is anordered (over time) list of nonempty itemsets. Asequence of itemsets �1; : : : ; �n is denoted by (�1 7!� � � 7! �n). The length of a sequence is the sum of thesizes of each of its itemsets. The database is dividedinto a collection of customer sets where each customerset contains the set of transactions that customer isinvolved in in order of occurrence. For a database Dand a sequence �, the support or frequency of � inD, is the number of customers in D whose sequencescontain � as a subsequence. A rule A => B involvingsequence A and sequence B is said to have con�dencec if c% of the customers that contain A also containB. The basic approach to mining associations andsequences is a two step iterative approach. First,identify the set of candidate associations/sequencesfor a given number of items. Second, compute the setof associations/sequences from the candidate set thatmeet the user-speci�ed criteria, forming the basis forthe candidates in the next iteration (adding one to thenumber of items considered). We use the ECLAT [28](associations) and SPADE [27] (sequences) algorithmsas the basis for our work.4.1 InteractivityThe idea in interactive association mining (or interac-tive sequence mining) is that an end user be allowedto query the database for association rules at di�er-ing values of support and con�dence. The goal is toallow such interaction without excessive I/O or com-putation. Interactive usage of the system normallyinvolves a lot of manual tuning of parameters and re-submission of queries that may be very demandingon the memory subsystem of the server. In most cur-rent algorithms, multiple passes have to be made overthe database for each < support; confidence > pair.This leads to unacceptable response times for onlinequeries. Our approach to the problem of support-

ing such queries e�ciently is to create pre-processedsummaries that can quickly respond to such onlinequeries.A typical set of queries that such a system couldsupport include: i) Simple Queries: identify therules for support x%, con�dence y%, ii) Re�nedqueries: where the support value is modi�ed (x + yor x�y) involves the same procedure, iii) Quanti�edQueries: identify the k most important rules in termsof support, con�dence pairs or �nd out for whatsupport/con�dence values can we generate exactlyk rules, iv) Including Queries: �nd the rulesincluding itemsets i1; : : : ; in, v) Excluding Queries:compute the rules excluding itemsets i1; : : : ; in, andvi) Hierarchical Queries: treat items i1; : : : ; in, asone item and return the new rules.4.2 Summary StructureIn [1], the concept of an Association Lattice L isde�ned. An association X is said to be adjacent toan association Y if one of them can be obtained fromthe other by adding a single item. Speci�cally, anassociation X is a parent of Y if Y can be obtainedby adding one item to X . We allow directed edgesfrom parents to children. It is then easy to see thatif a directed path exists from a vertex V to a vertexU then V � U . Further, each node in the lattice isweighted by the support S of the given associationit represents. The sequence lattice is obtained in asimilar manner.The preprocessing step of the algorithm involvescomputing such a lattice for a small enough supportSmin, such that all future queries will involve a sup-port S larger than Smin. If the above holds, andgiven such a lattice, we can produce answers to allbut one (Hierarchical queries) 2 of the queries de-scribed in the previous section at interactive speedswithout going back to the original database. Thisis easy to see as all of the queries will basically in-volve a form of pruning over the lattice. A lattice,as opposed to a at �le containing the relevant as-sociations/sequences, is an important data structureas it permits rapid querying for associations [1] andsequences [18]. This lattice can also be incrementallymaintained for associations [25] and sequences [18].Due to limited space, we do not describe it here.4.2.1 Accuracy vs. Summary SizeUnlike in discretization, the size of the summarystructure is not bounded for a choice of Smin. Itdepends on the data and the choice of Smin. Forsmall enough Smin the lattice can be very large (largerthan the original data itself in some cases!). However,for most practical cases (e.g., Smin = 0:05%, dataset2These queries require recomputation on the server. How-ever, because of the way we access the data, and the way it isstored we limit accesses to the old data.



= 170MB) the resulting lattice (4MB) is manageableand the applications can bene�t from client sidecaching of the data structure.The summary structure satis�es the three prop-erties for e�cient active mining: it can be used tohandle a wide range of client queries without goingback to the original database, it can be incrementallymaintained, and for most practical instances, the sizeof the lattice is not too large.5 Similarity DiscoverySimilarity is a central concept in data mining. Discov-ering the similarity among attributes enables reduc-tion in dimensions of object pro�les as well as pro-vides useful structural information on the hierarchyof attributes. Das et al [6] proposed a novel measurefor attribute similarity in transaction databases. Thesimilarity measure proposed compares the attributesin terms of how they are individually correlated withother attributes in the database. The choice of theother attributes (called the probe set) reects the ex-aminer's viewpoint of relevant attributes to the two.Das et al show that the choice of the probe set stronglya�ects the measurement.There are some limitations to this basic approach.First, when the examiner does not know what therelevant attributes are, their approach o�ers nosolutions. A brute force search would be impractical.Second, the approach limits the probe elementsto singleton attributes and does not allow booleanattribute formulae.If one is not interested in probe attributes of smallfrequency, an alternative approach can be to usethe associations generated by an algorithm such asECLAT [28] as the probe set. The similarity metricbetween attributes \a" and \b" can be de�ned interms of association sets (A, the set of all associationsinvolving \a" but excluding \a". For instance if \adl"were a valid association, then \dl" would belong to theset A. Similarly, B, the set of all associations involving\b" but excluding \b".) and their associated supports(sup):Sim(A;B) = Px2A\Bmaxf0; 1� �j supA(x)� supB(x)jgkA [ Bk ;where � is a user-de�ned normalizing variable thatdefaults to one. This approach is fast and scaleswell in practice. It also permits boolean attributeformulae(a limitation of the Das et al [6] approach) aspart of the probe set. Since we use associations as theprobe set, this approach can also be used to measurethe similarity between di�erent homogeneous datasetsand is not limited to measuring attribute similarity.5.1 Interactive SimilarityIn our approach the following interactions are cur-rently supported: i)Boolean Pruning: Prune the

probe space (association sets) to only those parts ofthe association sets that satisfy a given boolean for-mula, ii) Identifying inuential attributes: Iden-tify the (set of) probe attribute(s) that contributemost to the similarity/dissimilarity metric, and iii)Changing the minimum support.5.2 Summary StructureIn this application, the summary structure requiredis the association lattice described in Section 4.2.For dataset similarity, the association lattices of bothdatasets are required.Once the association lattices are obtained, thebasic algorithm computes the similarity measure. Thedi�erent interactions are supported as follows.For Boolean Pruning, the algorithm basicallyprunes both lattices according to the boolean formula,yielding sets A1 and B1. The similarity metric is thenrecomputed by replacing A with A1 and B with B1.For Identifying Inuential Attributes, for a singletonattribute \l", the algorithm prunes out all elements inthe association lattice that do not contain \l". It thencomputes the similarity between the two datasets.This step is repeated for all singleton attributes andthe resulting similarities are sorted. The higherranked attributes inuence similarity while the lowerranked attributes inuence dis-similarity.5.2.1 Accuracy vs. Summary SizeLike association mining, the size of the summarystructure is not bounded for a choice of Smin. How-ever, unlike association mining, similarity discovery isless attuned to this choice. Fixing an Smin apriori isan acceptable solution for the purpose of computingsimilarities. This limits the size of the data structure,ensuring that the three properties for active miningare satis�ed for this application.6 Experimental EvaluationIn order to completely evaluate all aspects of ourwork, we evaluate the impact of our summary struc-ture with respect to three qualities; its interactive per-formance, its incremental performance, and the e�-cacy of client-server work distribution by caching thesummary structure and executing queries locally. We�rst describe in detail the queries we evaluated oneach of the applications, and their associated datasets.6.1 Application PropertiesWe executed a series of queries for each application.For association mining, we executed a simple query(�nd rules with support x%) followed by a quanti�edquery (�nd the 400 most important associations).For sequence mining, we executed a combinationof including (all sequences including item x) andexcluding sequences (all sequences excluding item y).For discretization, we executed the base algorithm



(�nd the optimal discretization) and then askedthe system to move the control points to a newlocation and compute the new error. In similaritydiscovery, we asked the system to compute the pair-wise similarities for four datasets and then asked it torecompute the similarities under boolean pruning, aswell as identify the most inuential attributes.Each of the queries was executed on an appropriatedataset. For association mining, we executed ourqueries using a synthetic dataset generated adoptingthe methodology described in [3]. The dataset weused (T10.I6.D3200) contained on average 10 itemsper transaction, and 3,200,000 transactions. The sizeof the resulting dataset is 140MB.For sequence mining, we executed our queriesusing a synthetic dataset generated by a similarprocedure [27]. The dataset we used (C250.I6.T10)contained on average 10 transactions per customer,and 250,000 customers, where each transaction isvariable in length. The size of the resulting dataset is55MB.For discretization, we used the XOR dataset [17].The dataset has 100,000 instances and 3 attributes(two base,one goal) per instance. There are 2categories for the goal attribute, C0 and C1. Thesize of the resulting dataset is 4MB.For similarity discovery, we executed our queriesagainst a real dataset, the Reuters dataset 3. Thedata set consists of 21578 articles from the Reutersnewswire in 1987. Each article has been tagged withkeywords. The size of the dataset is 27MB. Forour evaluation, we represented each news article asa transaction with each keyword being an item.For each of the applications considered: Associ-ations, Sequences, Discretization and Similarity, thesize of the summary structures were 3.3MB, 1.0MB,0.5MB, and 2.0MB, respectively. It is easy to see thatin all of the cases the summary structure is a signi�-cant reduction from the original dataset and is smallenough to enable e�ective active mining.6.2 Active Mining PerformanceWe summarize the results on interactive and incre-mental mining performance here. In this paper, wehave described a methodology for o�-loading the in-teractive querying feature onto client machines as op-posed to executing on the server, and shipping theresults to the data mining client. In order to clearlydemonstrate the e�ectiveness of this approach, wewanted to compare executing queries on slower clients(143Mhz and 270Mhz UltraSparcs) using the designedsummary structure versus recomputing the result onthe fastest server we have available (600MHz AlphaStation 4100s).The results of the experiment are shown in Table 1.The �rst column corresponds to the application we3www.research.att.com/ lewis/reuters21578.html

evaluated, the second column contains the executiontime of the query on a 143Mhz client using the appro-priate summary structure, the third column similarlycontains the execution time on a 270Mhz client, andthe fourth column represents the execution time ofrunning the query from scratch on the 600 MHz Al-pha, without the use of the summary structure. Forall of the applications, the execution time with thesummary structure is orders of magnitude faster thanre-executing the query from scratch. This is despitethe fact that the results obtained for re-executing thequery without the summary structure is on a muchfaster server.The �fth column of our table represents thespeedup obtained from maintaining the structureincrementally, rather than re-creating it on a databaseupdate. This part of the experiment was alsoperformed on the 600MHz Alpha Station 4100. The(incr 5%) in the column header corresponds tothe increment size. The datasets described in theprevious sections are divided into two partitions, onecontaining 95% of the transactions (or instances) andthe other containing the remaining 5%. The �rstpartition we assume is the original dataset, while thesecond partition is treated as the increment dataset.The speedup numbers in this column compare thespeedup of using an incremental algorithm as opposedto re-executing the algorithm on the entire (original+ increment) data (column 4). The performancegains from the incremental approach ranges fromgood (speedup of 7) to excellent (speedup of 18).As expected, incrementally maintaining the summarystructure for the discretization application results inthe best speedup since it is the easiest to maintain.6.3 Distributed PerformanceIn typical client-server applications, the client makes arequest to the server, the server computes the result,and then sends the result back to the client. Sincethe interactions in our applications are often iterativein nature, caching the summary data structure on theclient side so that repeated accesses may be performedlocally can potentially improve query execution times.We present results on the e�cacy of cachingthe summary structure in a distributed environmentconsisting of SUN workstations connected by 10 or100 Mbps switched Ethernet. The clients in eachapplication interact with the server by sharing thesummary data structures with the server. The servercreates the summary data structure and updates itcorresponding to changes in the database (which wesimulate). The potential gain from client-side cachingdepends on a number of factors: the size of the shareddata, the speed of the client, the network latency, theserver load, and the frequency of data modi�cation.We evaluate the e�ect of each of these factors.



Application Client (143Mhz) Client (270Mhz) Recompute Incremental Speedup (incr 5%)Association Mining 2.4 1.5 540.7 10Sequence Mining 0.58 0.35 150 7Discretization 0.87 0.55 505.8 18Similarity 0.35 0.11 10 10Table 1: Active Mining Performance: Execution Times in secondsApplication Client(143) Client(270)CSC SSRC L-SSRC CSC SSRC L-SSRCEthernet (Mbps) 10 100 10 100 10 100 10 100Association 2.4 4.05 1.6 7.2 2.5 1.5 2.5 1.4 5.1 2.3Sequence 0.58 0.85 0.55 1.35 0.86 0.35 0.63 0.5 1.18 0.73Discretization 0.87 1.35 0.67 2.75 1.08 0.55 0.94 0.6 1.6 0.98Similarity 0.35 1.5 0.55 2.7 0.98 0.11 0.9 0.37 2.4 0.94Table 2: Time (in seconds) to Execute Query in a Distributed EnvironmentWe ran each of our applications under the followingscenarios:1. Client-Side Caching (CSC): the client caches thesummary structure and executes the query onthe local copy (the execution times reportedhere do not reect the time to communicate thesummary structure, which gets amortized overseveral queries).2. Server Ships Results to Client (SSRC): the clientqueries the server and the server ships the resultsback to the client. This scenario is similar to theuse of an RPC mechanism. In order to betterunderstand the impact of server load, we variedthe number of clients serviced by the server fromone (SSRC) to eight (Loaded-SSRC).We measured the time to execute each query underboth scenarios. We evaluated each scenario on a rangeof client machines, from an UltraSparc (143Mhz)machine to an UltraSparc IIi (270Mhz). In each case,our server was an 8-processor 336 MHz UltraSparc IImachine. Results are presented in Table 2 for thesescenarios under two di�erent network con�gurations.We varied the network con�guration by choosingclients that are connected to the server via a 10Mbps or a 100 Mbps Ethernet network. For each ofthe applications considered: Associations, Sequences,Discretization, and Similarity, the size of the resultsshipped by the server (total data communicated) were1.5MB, 0.25MB, 0.5MB and 0.75MB respectively.The results in Table 2 show that client-side cachingis bene�cial for all but a few of the cases. In partic-ular, the following trends are observed. Client-sidecaching is more bene�cial under the following scenar-ios: the network bandwidth is low (speedups fromclient-side caching under the 10Mbps con�guration

are larger (1.5 to 23) than the 100Mbps numbers (0.6to 9)), the server is loaded (comparing the L-SSRCcolumn (speedups of 1.1 to 9) with the SSRC column(speedups of 0.6 to 3.5) with a 100 Mbps network), theclient is a fast machine (comparing the columns in-volving the 270Mhz clients versus the 143Mhz clients),or the time to execute the query is low (comparing therow involving the similarity discovery with the rowinvolving association mining). In other words, thebene�ts from client-side caching are a function of thecomputation/communication ratio. The lower the ra-tio, the greater the gain from client-side caching. Thefact that InterAct enables such caching is very usefulfor such applications especially when deployed on theInternet.In addition, the client maps the shared summarydata structures using one of the set of consistencymodels provided by InterAct. Choosing the rightconsistency model for a given application dependson its tolerance for stale data. Updates are thentransmitted to the client according to the consistencymodel chosen. Results obtained show that the averageupdate times are several orders of magnitude fasterthan existing approaches such as RPC. For a detailedanalysis of our update protocol and results pertainingto these applications, see [16].7 Related Work7.1 Distributed Data Mining SystemsSeveral systems have been developed for distributeddata mining. The JAM [22](Java Agents for Meta-learning) and the BODHI [13] system assume thatthe data is distributed. They employ local learningtechniques to build models at each distributed site,and then move these models to a centralized location.The models are then combined to build a meta-



model whose inputs are the outputs of the variousmodels and whose output is the desired outcome.The Kensington [12] architecture treats the entiredistributed data as one logical entity and computesan overall model from this single logical entity. Thearchitecture relies on standard protocols such asJDBC to move the data. The Id-Vis [23] architectureis a general-purpose architecture designed with datamining applications in mind to work with clusters ofSMP workstations. Both this system and the Papyrussystem [11] are designed around data servers, computeservers, and clients. The Id-Vis architecture explicitlysupports interactivity through the interactive featuresof the Distributed Doall programming primitive.However, the interactions supported are limited topartial result reporting and bare-bones computationalsteering.Our work is complementary to the above dis-tributed data mining systems. Their focus is on howto build data mining systems or speci�c data miningapplications when the data and processing capacityis distributed. Our focus is on making existing algo-rithms active.7.2 Incremental MiningIn [5], an incremental algorithm for maintainingassociation rules is presented. A major limitation ofthis algorithm is that it may require O(k) database(original plus increment) scans, where k is the size ofthe largest frequent itemset. In [10], two incrementalalgorithms were presented { the Pairs approach storesthe set of frequent 2-sequences, while the Bordersalgorithm keeps track of the frequent set and thenegative border. An approach very similar to theBorders algorithm was also proposed in [25].There has been almost no work addressing the in-cremental mining of sequences. One related proposalin [26] uses a dynamic su�x tree based approach toincremental mining in a single long sequence. How-ever, we are dealing with sequences across di�erentcustomers, i.e., multiple sequences of sets of items asopposed to a single long sequence of items. To thebest of our knowledge there has been no work to dateon the incremental mining of discretization and simi-larity discovery.7.3 Interactive MiningA mine-and-examine paradigm for interactive explo-ration of associations was presented in [14]. The ideais to mine and produce a large collection of frequentpatterns. The user can then explore this collection bythe use of templates specifying what's interesting andwhat's not. They only consider inclusive and exclu-sive templates (corresponding to our Including andExcluding queries), whereas our approach handles awider range of queries, in an e�cient manner.

A second approach to exploratory analysis is to in-tegrate the constraint checking inside the mining al-gorithm. One such approach was presented in [21].Recently, [15] presented the CAP algorithm for ex-tracting all frequent associations matching a rich classof constraints. Our approach relies on constrainingthe �nal results rather than integrating it inside themining algorithm.An online algorithm for mining associations at dif-ferent values of support and con�dence, was presentedin [1]. Like their approach, we rely on a lattice frame-work to produce results at interactive speeds. Ourapproach relies on a di�erent base algorithm [28] forgenerating associations and this allows us to computea wider range of queries, as well as, compute suchqueries faster.An interactive approach to discretization was pre-sented in [24] for traditional one-dimensional dis-cretization. They also use a probability density es-timate of the base attribute to allow for certain userinteractions in a manner similar to ours. However,their problem domain is much simpler then ours andtherefore the interactive queries supported are rela-tively easier to compute. We are not aware of anysuch work on interactive mining, within the domainof sequence and similarity discovery.Most of the incremental and interactive miningapproaches tend to focus on isolated applicationsleading to a proliferation of solutions with little orno inter-operability. Our approach is the �rst thattries to integrate the incremental and interactivecomponents in a distributed setting. Furthermore,we outline a general strategy for making miningalgorithms active in such a setting.8 ConclusionsIn this paper, we described our approach to activedata mining in a client-server setting. We presenteda general method for creating e�cient interactivemining algorithms, and in addition, demonstrated itse�cacy in a distributed setting using the InterActframework. We applied this general methodology toseveral data mining tasks: discretization, associationmining, sequence mining, and similarity discovery.To summarize our method, we maintain a miningsummary structure that is valid across databaseupdates and user interactions. On a user interaction,the mining summary structure can answer the querywithout re-accessing the actual data. On a databaseupdate, the amount of the original database thatneeds to be re-examined is minimized. Lastly, bycaching the summary structure on the client usingInterAct, we can eliminate overheads due to networklatency and server loads.Experimental results show that executing queriesusing the appropriate summary structure can improve



performance by several orders of magnitude. Further-more, for all the applications considered, the summarystructures can be incrementally maintained with upto an 18-fold improvement over re-creating the sum-mary structures on a database update. Finally, up toa 23-fold improvement in query execution times wasobserved when the clients cache the summary struc-ture and execute the query locally.References[1] C. Aggarwal and P. Yu. Online generation ofassociation rules. In IEEE International Conferenceon Data Engineering, February 1998.[2] R. Agrawal, T. Imielinski, and A. Swami. Miningassociation rules between sets of items in largedatabases. In ACM SIGMOD Conf. Management ofData, May 1993.[3] R. Agrawal, H. Mannila, R. Srikant, H. Toivonen,and A. Inkeri Verkamo. Fast discovery of associationrules. In U. Fayyad and et al, editors, Advances inKnowledge Discovery and Data Mining, pages 307{328. AAAI Press, Menlo Park, CA, 1996.[4] D. Cheung, J. Han, V. Ng, A. Fu, and Y. Fu. A fastdistributed algorithm for mining association rules. In4th Intl. Conf. Parallel and Distributed Info. Systems,December 1996.[5] D. Cheung, J. Han, V. Ng, and C. Wong. Main-tenance of discovered association rules in largedatabases: an incremental updating technique. In12th IEEE Intl. Conf. on Data Engineering, Febru-ary 1996.[6] G. Das, H. Mannila, and P. Ronkainen. Similarity ofattributes by external probes. In Proceedings of the4th Symposium on Knowledge Discovery and Data-Mining, 1998.[7] L. Devroye. A course in density estimation. InBirkhauser:Boston MA, 1987.[8] J. Dougherty, R. Kohavi, and M. Sahami. Super-vised and unsupervised discretization of continuousfeatures. 12th ICML, 1995.[9] U. Fayyad and K. Irani. Multi-interval discretiza-tion of continuous-valued attributes for classi�cationlearning. 14th IJCAI, 1993.[10] R. Feldman, Y. Aumann, A. Amir, and H. Mannila.E�cient algorithms for discovering frequent setsin incremental databases. In 2rd ACM SIGMODWorkshop on Research Issues in Data Mining andKnowledge Discovery, May 1997.[11] R. Grossman, S. Bailey, S. Kasif, D. Mon, A. Ramu,and B. Malhi. Design of papyrus: A system for highperformance, distributed data mining over clusters,meta-clusters and super-clusters. In Proceedings ofWorkshop on Distributed Data Mining, alongwithKDD98, Aug 1998.[12] Y. Guo, S. Rueger, J. Sutiwaraphun, and J. Forbes-Millot. Meta-learning for parallel data mining.In Proceedings of the Seventh Parallel ComputingWorkshop, 1997.
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Abstract 

Increasingly, organizations are beginning to mine data stored in very large corporate data
warehouses for “business intelligence”, for example, profiling customer behaviour,detecting
fraud, understanding or predicting market trends, and the like. These business intelligence
applications pose many challenges, both to traditional data warehousing architectures as well
as to data mining algorithms and tools. Considerable research is being done on the
algorithmic front, for example, using sampling or other data reduction techniques to cope
with very large data sets, or through the development of scalable parallel algorithms for
clustering, classification, association rules, and other data mining tasks. However, scaling
the algorithms alone is insufficient. We have to think through the entire end−to−end
architecture for delivering and deploying business intelligence applications, but relatively
little work has been reported on such architectures. 

Traditionally, data warehousing architectures were designed for relativelystatic reporting
and analysis functions. Thus, the warehouse is loaded periodically (for example, nightly) by
extracting, transforming, cleaning and consolidating data from several operational data
sources that store transactional data (e.g., point−of−sale shopping transactionrecords in a
retail application, call records in a telecommunication application). The data in the
warehouse is then used to periodically generate reports, or to build multidimensional (data
cube) views of the data for on−line querying and analysis, typically using on−line analytical
processing (OLAP) tools. Increasingly, however, we are seeing business intelligence
applications in industries such as telecommunications, electronic commerce, retail, and
finance that are characterized by very high data volumes and data flow rates, and that require
continuous analysis and mining of the data. 

In this talk, we first summarize the requirements of business intelligence applications. Then,
we describe an architectural approach that we are taking at HP Labs. to meet these
requirements, and our experience with this approach. In this architecture, dataflows
continuously into a data warehouse, and is staged into one or more OLAP tools that are used
as computation engines to continuously and incrementally build summary data cubes, which
might then be stored back in the data warehouse. Analysis and data mining functions are
performed continuously and incrementally over these summary cubes. 



We discuss how the architecture attempts to satisfy a number of requirements ofthe
applications. First, we address the problem of building the data cubes fast enough to match
the input data flow rates. Next, we address the problem of retiring data from the warehouse.
Retirement policies define when to discard data from the warehouse (i.e., move data from the
warehouse into off−line archival storage). Data at different levels of aggregation may have
different life spans depending on how they are to be used for downstream analysis and data
mining. Then, we show how to use data cubes and OLAP tools to perform some data mining
tasks such as customer profiling, computing similarity measures over customerprofiles, and
computing association rules. Finally, we show how to extend the architecture to do
distributed warehousing and mining. In many applications, the data itself is distributed (e.g.,
a retail chain may wish to mine transaction data from different stores,call data may be
collected from different monitoring points in a telecom. network). Distributing the data
warehouse and the mining tasks can be more efficient and scalable than shipping all the data
to a centralized warehouse and mining at a single site. However, distributingthe mining task
is not straightforward. For example, computing association rules over data from each store
separately loses potentially information about customers who shopped at different stores.
We illustrate an approach to distributed, cooperative data mining in which each local
processing site produces intermediate summary data, which is forwarded to aglobal site for
final processing. 

To summarize, we describe an architecture for business intelligence applications that has the
following key features: incremental data reduction using OLAP engines to generate
summaries and enable data mining; staging of large volumes and flows of data having
different life spans at different levels of aggregation; scheduling of operations on data
depending on the type of processing to be performed and the age of the data; and distributed
computation of summaries to enable large−scale mining. 

For more information, the reader is referred to the following papers:
1. Q. Chen, U. Dayal, M.Hsu, “A Distributed OLAP Infrastructure for E−Commerce.”

Proceedings, Fourth IFCIS International Conference on Cooperative Information
Systems, Sept. 1999.

2. Q.Chen, U. Dayal, M. Hsu, “A Data Warehousing and OLAP−Based Infrastructure
for Business Intelligence Applications.”Proceedings, First International Conference
on Data Warehousing and Knowledge Discovery, Aug. 1999.



Parallel Branch-and-Bound Graph Search forCorrelated Association RulesShinichi Morishita� and Akihiro NakayayUniversity of TokyoAbstractThere have been proposed e�cient ways of enu-merating all the association rules that are interest-ing with respect to support, con�dence, or othermeasures. In contrast, we examine the optimiza-tion problem of computing the optimal associationrule that maximizes the signi�cance of the correla-tion between the assumption and the conclusion ofthe rule. We propose a parallel branch-and-boundgraph search algorithm tailored to this problem.The key features of the design are (1) novel branch-and-bound heuristics, and (2) a rule of rewritingconjunctions that avoids maintaining the list of vis-ited nodes. Experiments on two di�erent typesof large-scale shared-memory multi-processors con-�rm that the speed-up of the computation timescales almost linearly with the number of proces-sors, and the size of search space could be dramati-cally reduced by the branch-and-bound heuristics.1 IntroductionMany organizations are seeking strategies for pro-cessing or interpreting massive amounts of datathat will inspire new marketing strategies or leadto the next generation of scienti�c discoveries. Inresponse to those demands, in recent years, de-cision support systems and data mining systemshave rapidly attracted strong interests, and numer-ous optimization techniques for computing decisiontrees, clusters, and association rules have been pro-posed. Among those techniques, the developmentof e�cient ways of computing association rules hasattracted considerable attention.Association RulesGiven a set of records, an association rule is anexpression of the form X ) Y , where X and Yare tests on records, and X and Y are called theassumption and the conclusion, respectively. Con-sider the market basket analysis problem [1]. An�moris@ims.u-tokyo.ac.jpynakaya@ims.u-tokyo.ac.jp

example of an association rule is: \50% of cus-tomers who purchase bread also buy butter; 20%of customers purchase both bread and butter." Wewill describe the rule by(Bread = 1)) (Butter = 1):We call 50% the con�dence of the rule and 20% thesupport of the rule.The signi�cance of an association rule has beenevaluated by support and con�dence [1, 2]. Highersupport implies that the coverage of the rule is suf-�ciently large, while higher con�dence shows thatthe prediction accuracy of using the assumption Xas a test for inferring the conclusion Y is su�cient.In their pioneering work, Agrawal et al. [1, 2] de�nethat an association rule is interesting if its supportand con�dence are no less than given thresholds,and they propose Apriori algorithm that enumer-ates all the interesting association rules. The ideaof Apriori algorithm has been explored by manyresearchers [2, 8, 9, 10, 11, 12].Motivating ExampleHigher support and higher con�dence, however, arenot necessarily su�cient for evaluating the correla-tion between the assumption and the conclusion ofan association rule. Brin et al. [5] address thisproblem, and the following example illustrates thisissue.Example 1.1 Consider the super market basketanalysis problem [1]. Let Bread;Butter andBattery be Boolean attributes. Suppose that thesupport and the con�dence of the following rule are29% and 48.3%, respectively:(Bread = 1) ^ (Butter = 1)) (Battery = 1);which means that customers who purchase bothbread and butter may also buy batteries. This im-plication di�ers from our common sense, but thesupport and the con�dence are fairly high, andhence one may conclude that the rule presents someunknown behavior of the customers. From a statis-tical viewpoint, however, we also ought to look atthe negative implication that when customers who1



(Battery = 1) not(Battery = 1) Sum(Bread = 1) ^ (Butter = 1) 29 31 60not((Bread = 1) ^ (Butter = 1)) 21 19 40Sum 50 50 100Table 1: Contingency Tabledo not purchase both bread and butter may alsobuy batteries. In Table 1, which is called a contin-gency table, the row (Bread = 1) ^ (Butter = 1)and the row not((Bread = 1)^ (Butter = 1)) showthe number of customers who do and do not meet(Bread = 1) ^ (Butter = 1), while the column(Battery = 1) and the column not(Battery = 1)shows their corresponding numbers, similarly.Note that Battery = 1 holds for 50% of all thecustomers, which is higher than 48.3%, and hencecustomers satisfying (Bread = 1) ^ (Butter = 1)are less likely to meet Battery = 1. Thus thereis a slight negative correlation between (Bread =1) ^ (Butter = 1) and Battery = 1, though it isnot signi�cant.The above example suggests that we should mea-sure the statistical signi�cance of the correlationbetween the assumption and the conclusion. Tomeasure the signi�cance of correlation, the �2 valuehas usually been applied to the contingency tableassociated with the rule. The bene�t of using the�2 value is that we can evaluate the signi�canceof an association rule by a single value rather thanmultiple values such as support and con�dence. Allassociation rules can be ordered by their �2 values.We are then interested in �nding the optimal as-sociation rule that maximizes the �2 value. Or wewant to list the best n association rules in descend-ing order of �2 value. We can also provide a cuto�value | say, at the 95% signi�cance level | for�2, and then we can enumerate all the associationrules whose �2 values are no less than that thresh-old. We will consider those problems, and we callan association rule correlated if its �2 value is opti-mal, sub-optimal or no less than a given thresholdvalue.Related WorkBrin et al.[5] have studied this problem from aslightly di�erent aspect. Instead of �nding corre-lated association rules, they focus on the computa-tion of a set of primitive tests that are not indepen-dent by the chi-squared test. Using the strategy ofApriori algorithm [2], they present an algorithm forenumerating all the sets of primitive tests that arenot independent, but the algorithm is not intendedto compute correlated association rules.

Example 1.2 Let us consider the market basketanalysis problem again. Suppose that (Spaghetti =1), (Tabasco = 1), and (Battery = 1) are not inde-pendent, because (Spaghetti = 1) and (Tabasco =1) are correlated. We however cannot conclude that(Spaghetti = 1) ^ (Tabasco = 1)) (Battery = 1)is a correlated association rule, since the assump-tion and the conclusion may not be correlated atall.One may try to use Brin et al.'s algorithm to enu-merate instances of X[Y that are not independentand then try to derive correlated association rules.But there could be numerous instances of X [ Yfrom which no correlated association rules could becreated, because even if primitive tests in X arecorrelated, X and Y are not correlated at all.To keep the computation e�cient, Brin et al. usea minimum support threshold as a pruning criteria.In practice, selecting a minimum support thresh-old requires some considerations, because using ahigher threshold often results in pruning importantpatterns with lower support, while using a lowerthreshold might produce a huge amount of pat-terns, which is computationally costly. From theviewpoint of statistics, only the �2 value is essen-tial, and hence Brin et al. discuss the possibility ofavoiding the heuristics of using the minimum sup-port threshold. We will work in this direction.OverviewWe de�ne our problem more formally. Given aset of Boolean attributes, we select B as a specialattribute and call it an objective attribute, whilewe call all the other attributes conditional. Weuse conditional attributes in the assumption of arule. Consider all the association rules of the form\(A1 = v1) ^ : : : ^ (Ak = vk) ) (B = 1)," wherevi = 0 or 1. We �rst remark that it is NP-hard tocompute the optimal conjunction in the assump-tion that maximizes the �2 value. One may try tomodify Apriori algorithm to compute the optimalconjunction, but this approach may not be promis-ing, because Apriori algorithm is designed to enu-merate all the possible association rules of interest,while our optimization problem targets the optimalconjunction or sub-optimal ones.To cope with such optimization problems, onecommon approach is an iterative improvement2



(a) (b)Figure 1: The �gure (a) shows the search space of conjunctions. The �gure (b) shows the distributedsearch tree rooted at the square black dot.graph search algorithm that initially selects a can-didate conjunction by using a greedy algorithm andthen tries to improve the ensemble of candidateconjunctions by a local search heuristic; that is,from a conjunction we generate a neighboring con-junction that is obtained by replacing one primitivetest with another, by deleting a test, or by insertinga new test. Figure 1(a) represents the search spaceof all conjunctions by an undirected graph in whicha pair of neighboring conjunctions is connected byan edge. Starting from the initial conjunction rep-resented by the square dot, we want to search thegraph without visiting the same node more thanonce. Figure 1(b) illustrates such an example.To accelerate the performance of graph search,parallelizing the search has been studied for vari-ous discrete optimization problems [3, 6]. We willexploit this approach for searching the optimal con-junction. To avoid the repetition of visiting thesame node, conventional graph search algorithmsmaintain the list of visited nodes [3, 6], which how-ever could be a severe bottleneck of parallel search.We instead propose a rule of rewriting a conjunc-tion to others. We �rst apply the rewriting ruleto the initial conjunction to obtain child conjunc-tions, and then we repeat application of the rule todescendant conjunctions so that we can visit everyconjunction just once without maintaining the listof visited conjunctions. Moreover, each applicationof the rewriting rule can be well parallelized.If the initial conjunction is empty, it is rathertrivial to build such a search tree. For instance, wecan create one child of a conjunction by insertingone primitive test. In general, however, an arbi-trary conjunction could be selected as the initialconjunction, and we need to create a neighboringconjunction by using one of replacement, deletion,or insertion, which makes the extraction of a searchtree non-trivial.To reduce the size of the search tree, we developa branch-and-bound heuristics appropriate for thesigni�cance of correlation. We also develop im-plementation techniques such as materialization ofprojections and maintenance of distributed priority

queues.2 PreliminariesAttributes, Records, and Primitive TestsThe domain of a Boolean attribute is f0; 1g, where0 and 1 represent true and false, respectively. LetB be a Boolean attribute, let t denote a record(tuple), and let t[B] be the value for attribute B.A primitive test has the form B = v where v iseither 0 or 1. A record t meets B = v if t[B] = v.A conjunction of primitive tests t1; t2; : : : ; tk is ofthe form t1 ^ t2 ^ : : : ^ tk. A record t meets aconjunction of primitive tests if t satis�es all theprimitive tests. We simply call primitive tests andconjunctions tests.Association RulesFrom a given set of Boolean attributes, we selectone as a special attribute and call it the objectiveattribute. We call all the other attributes condi-tional. Let B be the objective attribute. An asso-ciation rule has the form:(A1 = v1) ^ : : : ^ (Ak = vk)) (B = v);where Ai(i = 1; : : : ; k) is an conditional attribute,and each of vi and v is either 0 or 1. For instance,(Bread = 1)^ (Butter = 1)) (Battery = 1) is anassociation rule.Consider association rule X ) Y . Let R be a setof records over R, and let jRj denote the numberof records in R. Let R1 be the set of records thatmeet the assumption X , and let R2 denote R�R1.We call a record t positive (negative, resp.) if t sat-is�es (does not meet) the conclusion Y . Let Rt andRf denote the set of positive and negative recordsin R, respectively. Table 2 summarizes numbersof records that meet each condition. Since R isgiven and �xed, we assume that jRj, jRtj, and jRf jare constants, but jRt1j, jRt2j, jRf2 j, and jRf2 j mayvary according to the choice of the assumption X .Let n and m denote jRj and jRtj respectively, then3



Y is true. Y is false Sum of RowX is true. jRt1j(= y) jRf1 j(= x� y) jR1j(= x)X is false. jRt2j(= m� y) jRf2 j(= n� x� (m� y)) jR2j(= n� x)Sum of Column jRtj(= m) jRf j(= n�m) jRj(= n)Table 2: Contingency TablejRf j = n �m. Let x and y denote jR1j and jRt1jrespectively. Observe that if we specify the valuesof x and y, the values of all the other variables aredetermined.Chi-squared ValueThe chi-squared value is a normalized deviationof observation from expectation. Table 2 presentsobserved numbers of records. Expected numbersare calculated as follows: In the entire relation,the probability that a positive record occurs isjRtjjRj = mn . Since the observed number of recordssatisfyingX is jR1j, the expected number of recordsmeeting both X and Y is jR1j times mn . Table3 presents expected numbers of records. The chi-Y is true. Y is falseX is true. jR1jmn jR1jn�mnX is false. jR2jmn jR2jn�mnTable 3: Expected Numbers of Recordssquared value is de�ned as the total of the squareddi�erence between the observed number and theexpected number divided by the expected numberfor each cell; that is,(jRt1j�jR1jmn )2jR1jmn + (jRf1 j�jR1jn�mn )2jR1jn�mn +(jRt2j�jR2jmn )2jR2jmn + (jRf2 j�jR2jn�mn )2jR2jn�mn :Since all the variables are determined by x and y,we will refer the above formula by �2(x; y). If Xand Y are independent, the observed number isequal to the expected number (in this case, yx = mn ),and therefore �2(x; y) is equal to 0. In the chi-squared test, if �2(x; y) is greater than a cuto�value { say, at the 95% signi�cance level |, wereject the independence assumption.Convexity of FunctionLet �(x; y) be a function that is de�ned on (x; y) 2D. �(x; y) is a convex function on D if for any(x1; y1) and (x2; y2) in D and any 0 � � � 1,�(�(x1; y1) + (1� �)(x2; y2))� ��(x1; y1) + (1� �)�(x2; y2):

Let (x3; y3) = �(x1; y1) + (1 � �)(x2; y2), then�(x3; y3) � max(�(x1; y1); �(x2; y2)).Proposition 2.1 �2(x; y) is a convex function de-�ned on 0 � y � x.Proof: (Sketch) For any �1 and �2, de�ne V =�1x+ �2y. Prove @2�2(x; y)=@V 2 � 0.The convexity of �2(x; y) is crucial to prove theintractability of computing the optimal conjunc-tion. We also use the convexity to derive an ef-fective branch-and-bound heuristics.Theorem 2.1 Let S denote a set of conjunctionsthat use conditional attributes, and Y be the objec-tive conclusion. It is NP-hard to �nd the optimalconjunction X 2 S such that the chi-squared valueof X ) Y is maximum.Proof: (Sketch) The case for the entropy valueis proved in [7]. In the proof, the convexity of theentropy function is essentially used. The argumentcarries over to the case for the chi-squared value,because the chi-squared function is also convex.3 Parallel Branch-and-BoundGraph SearchSearch Space as an Undirected GraphLet V denote the set of all conjunctions that useconditional attributes. A conjunction C1 is adja-cent to another conjunction C2 if C1 is obtained byreplacing a primitive test in C2 with another, bydeleting a primitive test in C2, or inserting a newone to C2.Example 3.1 Let C be the conjunction (A1 = 1)^(A2 = 0) ^ (A3 = 1). C is adjacent to (A1 =1) ^ (A2 = 0) ^ (A4 = 0), because (A3 = 1) inC is replaced by (A4 = 0). Also, C is adjacentto (A1 = 1) ^ (A3 = 1) and (A1 = 1) ^ (A2 =0) ^ (A3 = 1) ^ (A5 = 1).Let E denote the set of undirected edges be-tween pairs of adjacent nodes in V ; that is, E =f(C1; C2) j C1 is adjacent to C2g. The undirectedgraph (V;E) represents the search space of all con-junctions. We call (V;E) the undirected graph of4



adjacency. Figure 1(a) in Section 1 presents an ex-ample. We de�ne the distance between nodes v andu by the length of the shortest path between v andu. Put another way, the distance shows the min-imum number of operations on primitive tests togenerate u from v.Requirements on Search TreeSuppose that we are given an arbitrary node t1 ^: : : ^ tk in the search space (V;E) as the initialconjunction. To realize the local search strategystarting from t1 ^ : : : ^ tk, we need to generate asearch tree rooted at t1 ^ : : : ^ tk such that (1) thedepth from t1 ^ : : : ^ tk to any node v in the treeis equal to the distance between t1 ^ : : : ^ tk and vin (V;E), and (2) each conjunction is enumeratedto appear just once in the tree. For instance, Fig-ure 1(b) illustrates such a search tree rooted at thesquare black dot.To build a search tree, we �rst present a way ofcreating a unique path from the root of the ini-tial conjunction to the node of any conjunction.We then show how to assemble all the paths into asearch tree.Creating a Unique Path from the InitialConjunction to Any ConjunctionWe introduce a way of representing a conjunctionuniquely with respect to the initial conjunction. Wedevelop this idea motivated by techniques for enu-merating geometric objects [4]. We assume that allthe primitive tests are sorted in a total order, andwe denote the order by x1 < x2. For simplicity ofpresentation, we introduce a dummy test ? thatis strictly smaller than any test t; that is, ? < t.Let S denote the set of all the primitive tests. Lett1 ^ : : : ^ tk be the the initial conjunction given.Let C denote an arbitrary conjunction of primitivetests in S. We represent C by a list of primitivetests according to the following steps:1. If ti(1 � i � k) appears in C, place ti at thei-th position in the list. Otherwise, leave thei-th position open.2. Sort all the primitive tests that appear in Cbut are not in ft1; : : : ; tkg, in the ascendingorder. Let SL denote the sorted list. Selectand remove the �rst primitive test in SL, andassign it to the leftmost open position. Repeatthis process until SL becomes to be empty.Observe that any conjunction can be representedby the unique list of primitive tests, and hence wecall it the canonical list.Example 3.2 Let t1^ t2^ t3^ t4^ t5 be the initialconjunction. Its canonical list is [t1; t2; t3; t4; t5].

Let  denote an open position. The canonical listof t4 ^ a1 ^ t2 ^ a2 ^ t5 ^ a3, where a1 < a2 < a3, isobtained as follows: We �rst create [; t2;; t4; t5]by placing each ti of t4 ^ a1 ^ t2 ^ a2 ^ t5 ^ a3 atthe i-th position. We then assign a1 and a2 respec-tively to the �rst and the third positions, whichare open, and we append a3 at the end of the list.Consequently we have [a1; t2; a2; t4; t5; a3].The canonical list of t4 ^ a1 ^ a2, wherea1 < a2, is obtained similarly. We �rst create[;;; t4;], and then assign a1 and a2 into the�rst and the second positions, respectively. Thuswe obtain [a1; a2;; t4;].We show how to rewrite the canonical list of theinitial conjunction to that of an arbitrary targetconjunction, which creates a unique path from theroot to any node. Intuitively, we scan two liststogether from left to right, and when we �nd dif-ferent primitive tests at the same position, we per-form one of replacement, deletion, or insertion sothat the initial conjunction is transformed into thetarget conjunction after the scan.Example 3.3 Consider canonical lists[t1; t2; t3; t4; t5] and [a1; t2; a2; t4; t5; a3]. Sincethe two primitive tests at the �rst position aredi�erent, we replace t1 by a1. We then seethe di�erence at the third position, and wereplace t3 by a2. Finally, a3 at the sixth po-sition of [a1; t2; a2; t4; t5; a3] does not appear in[t1; t2; t3; t4; t5], and hence we insert a3. Con-sequently we have rewritten [t1; t2; t3; t4; t5] to[a1; t2; a2; t4; t5; a3] by the following sequence ofoperations:[t1; t2; t3; t4; t5] replacement! [a1; t2; t3; t4; t5] replacement![a1; t2; a2; t4; t5] insertion! [a1; t2; a2; t4; t5; a3]We have applied three operations, and the distancebetween t1^t2^t3^t4^t5 and a1^t2^a2^t4^t5^a3in the graph of conjunctions is also 3.There are some issues on sequences that use dele-tion.Example 3.4 Consider the following two se-quences� [t1; t2; t3; t4; t5] deletion! [; t2; t3; t4; t5] insertion![a1; t2; t3; t4; t5]� [t1; t2; t3; t4; t5] replacement! [a1; t2; t3; t4; t5]The second sequence gives the minimum lengthpath in the undirected graph of adjacency. Thefollowing two sequences show another issue:� [a1; t2; t3; t4; t5; t6] deletion! [a1;; t3; t4; t5; t6]replacement! [a1;; a2; t4; t5; t6]5



� [a1; t2; t3; t4; t5; t6] replacement! [a1; a2; t3; t4; t5; t6]deletion! [a1; t2;; t4; t5; t6][a1;; a2; t4; t5; t6] is not a canonical list, because appears before a2.In each case of the above example, we want toderive the second sequence only. We can solve thisproblem by using the rule that we do not allowreplacement nor insertion once deletion is used. Wewill prove that this restriction does not overlook thecanonical list of any conjunction.Making Canonical Lists Distributable to Ar-bitrary Multiple ProcessesWe present a way of distributing the canonical listsof conjunctions to arbitrary multiple processes sothat each process can continue to rewrite indepen-dently. Consider the following sequence again:[t1; t2; t3; t4; t5] replacement! [a1; t2; t3; t4; t5] replacement![a1; t2; a2; t4; t5] insertion! [a1; t2; a2; t4; t5; a3]Suppose that we assign the third canonical list[a1; t2; a3; t4; t5] to one process. We want to avoidgiving to the process the history of creating theprevious two canonical lists, because in general thehistory could be lengthy. We rather provide mini-mum information to the process so that the processcan continue to rewrite the canonical list. For in-stance, it is enough to provide the information thatprimitive tests up to the third position have beenupdated, a2 is the largest primitive test that hasbeen most recently added, and no primitive testhas been deleted. With this information, we canthen append a3, which is greater than a2, at theend of [a1; t2; a2; t4; t5].In general, we add the following aux-iliary information to a canonical list[x1; : : : ; xn], and we represent the extensionby h[x1; : : : ; xn]; n; i;max; dmodei, which we alsocall a canonical list.� n: The number of primitive tests in the canon-ical list.� i: Let j be an index such that i � j. We canupdate the primitive test at the j-th positionin the next step.� max: max denotes the largest primitive testamong all the primitive tests that have beenadded. In the next step, we need to add a newprimitive test that is greater than max whenwe perform replacement or insertion. For theinitial conjunction we set max to ?, where ?is the dummy test smaller than any primitivetest.

� dmode: For the initial conjunction, dmode =0. Once deletion is applied, dmode is set to 1.When dmode = 1, only deletion is applicable.Application of replacement, insertion or deletion tois de�ned as follows:� Replacement: When i � n and dmode = 0,we can replace the j-th (j � i) primitive testwith x such thatmax < x and x 62 ft1; : : : ; tkg.h[x1; : : : ; xn]; n; i;max; 0i replacement!h[x1; : : : ; xj�1; x; xj+1; : : : ; xn]; n; j + 1; x; 0i:� Insertion: When dmode = 0, we can insert xsuch that max < x and x 62 ft1; : : : ; tkg at theend of the list.h[x1; : : : ; xn]; n; i;max; 0i insertion!h[x1; : : : ; xn; x]; n+ 1; n+ 2; x; 0i:� Deletion: When i � n, we can delete the j-th(j � i) primitive test, and we set dmode to 1.h[x1; : : : ; xn]; n; i; max; dmodei deletion!h[x1; : : : ; xj�1;; xj+1; : : : ; xn]; n�1; j+1; max; 1iTable 4 presents two examples of such sequences.Theorem 3.1 Let A and B denote a given initialconjunction and an arbitrary conjunction. Thereexists a unique sequence of application of replace-ment, insertion or deletion that rewrites the canon-ical list of A to that of B. Furthermore, the numberof instances of application is equal to the distancebetween A and B in the undirected graph of adja-cency.Proof: (Sketch) The proof is an induction on thenumber of positions where the two primitive testsdo not coincide in A and B.Distributable Search TreeThe distributable search tree is a binary tree thatdisplays all the sequences from the initial canonicallist to the canonical list of any conjunction. Figure2 illustrates such an example. Theorem 3.1 impliesthat any distributable search tree meets the tworequirements on search trees; that is, (1) the depthfrom the root to any node v in the tree is equal tothe distance between the root and v in the graph ofadjacency, and (2) each conjunction is enumeratedto appear just once in the tree.Furthermore any node in a distributable searchtree can be assigned to any process in a exiblemanner.6



h[t1; t2; t3; t4; t5]; 5; 1;?; 0i h[t1; t2; t3; t4; t5; t6]; 6; 1;?; 0ireplacement! h[a1; t2; t3; t4; t5]; 5; 2; a1; 0i replacement! h[a1; t2; t3; t4; t5; t6]; 6; 2; a1; 0ireplacement! h[a1; t2; a2; t4; t5]; 5; 4; a2; 0i replacement! h[a1; a2; t3; t4; t5; t6]; 6; 3; a2; 0iinsertion! h[a1; t2; a2; t4; t5; a3]; 6; 7; a3; 0i deletion! h[a1; a2;; t4; t5; t6]; 5; 4; a2; 1ideletion! h[a1; a2;; t4;; t6]; 4; 6; a2; 1iTable 4: Examples of Distributable Sequencesh[t1; t2; t3; t4; t5]; 5; 1;?; 0i: : : deletion. : : : replacement# : : : insertion& : : :h[; t2; t3; t4; t5]; 4; 2;?; 1i h[a1; t2; t3; t4; t5]; 5; 2; a1; 0i h[t1; t2; t3; t4; t5; a1]; 6; 7; a1; 0i: : : deletion# : : : : : : replacement# : : : : : : insertion# : : :h[; t2;; t4; t5]; 3; 4;?; 1i h[a1; t2; a2; t4; t5]; 5; 4; a2; 0i h[t1; t2; t3; t4; t5; a1; a2]; 7; 8; a2; 0i: : : deletion# : : : : : : replacement# : : : : : : insertion# : : :h[; t2;;; t5]; 2; 5;?; 1i h[a1; t2; a2; t4; a3]; 5; 6; a3; 0i h[t1; t2; t3; t4; t5; a1; a2; a3]; 8; 9; a3; 0i: : : # : : : : : : # : : : : : : # : : :Figure 2: Example of Distributable Search TreeBest-First SearchNext we discuss how to traverse the distributedsearch tree. Suppose that we compute an ini-tial conjunction by a greedy algorithm that alwaysmakes the choice that looks best at the moment.Next we need to consider how to scan the dis-tributed search tree rooted at the initial conjunc-tion. One may try the depth-�rst search or thebreadth-�rst search, but when we look for the con-junction that maximizes the chi-squared value, weshould make a locally optimal choice in hope thatthis choice will lead to the global optimal solution.We therefore select the best-�rst search strategythat expands a node whose chi-squared value ismaximum at the moment.We implement the best-�rst search by using apriority queue. First we insert the initial conjunc-tion into the empty queue. We repeat the processthat we remove the �rst node v from the queue,compute the chi-squared value of v, update the bestchi-squared value if necessary, use the chi-squaredvalue of v to prioritize each child of v, and insertall the chide nodes of v into the queue.Later in this section we show how to distributethe queue to multiple processes, but before that weshow two techniques to improve the performance ofthe best-�rst search.Branch-and-Bound HeuristicsSuppose that we examine a node v in a dis-tributable search tree. The following theoremshows how to compute an upper bound of the bestchi-squared value that could be obtained by scan-ning all the nodes in the subtree rooted at v. If

the upper bound is smaller than the optimum chi-squared value at the moment, we can ignore andprune the subtree.Theorem 3.2 Let v be a node in a distributedtree. Suppose thatv = h[x1; : : : ; xi; xi+1; : : : ; xk]; k; i+ 1;�;�i:Let a (b, resp.) denote the number of (positive)records that meet x1 ^ : : : ^ xi. Let w be an arbi-trary descendant of v. Note that the conjunctionof w contains x1 ^ : : : ^ xi. Let p (q, resp.) de-note the number of (positive) records that meetthe conjunction of w. Recall that �2(p; q) is thechi-squared value of w, and we have:�2(p; q) � maxf�2(b; b); �2(a� b; 0)g:Proof: (Sketch) Let n and m denote respectivelythe number of records and the number of positiverecords in the entire relation. Consider the points(a; b) and (p; q) in the two-dimensional Euclideanplane. It is easy to see that (p; q) falls in the convexregion whose vertexes are (0; 0), (b; b), (a; b), and(a � b; 0). To be more precise, we have 0 � p �a � n, 0 � q � b � m, q � p, b � a, and (p� q) �(a � b). When y=x = m=n, �2(x; y) is zero andminimum. Because of the convexity of �2(x; y), itfollows that �2(p; q) � maxf�2(b; b); �2(a � b; 0)g.Materialized ProjectionsLet v = h[x1; : : : ; xi; xi+1; : : : ; xn1 ]; n1; i + 1;�;�ibe an arbitrary node in a distributed tree. Note7



that any node in the subtree rooted at v must con-tain all the primitive tests in fx1; : : : ; xig, becausenone of fx1; : : : ; xig is updated in the subtree. Wecall the set of records that meet x1 ^ : : : ^ xi thematerialized projection for v.A materilized projection could be very large inpractice. To utilize the main memory e�ciently,we implemented a materialized projection by cre-ating a bit array of indexes to records in the ma-terialized projection. If the bit of an index is on,the record of the corresponding index belongs tothe materialized projection. For instance, the sizeof a bit array for a large database containing tenmillion records is 1:25MB. Such bit arrays maystill require large memory space during the execu-tion, especially when the queue becomes to be longduring the computation and cannot �t in the mainmemory. In this case, we put aside nodes with lowerpriorities, which might not be processed for a while,to the secondary disk at the moment, and later werestore them back to the main memory.We now discuss the bene�t of associating thematerialized projection with each node. Let w =h[x1; : : : ; xi; yi+1; : : : ; yn2 ]; n2; j + 1;�;�i be a de-scendant of v. When we compute the chi-squaredvalue of w, we need to count the number of recordsthat satisfy the conjunction of w. It su�ces tocheck if each record in the materialized projectionfor v also satis�es yi+1 ^ : : : ^ yn2 . The material-ized projection could be much smaller than the en-tire relation. Since counting the number of recordsthat satisfy a conjunction is the crucial step of thewhole computation, the use of materialized projec-tions could reduce the computation time substan-tially. The materialized projection of each node canbe computed in an incremental manner; that is, thematerialized projection for a child node is a subsetof that for its parent.Distributing Priority Queue to MultipleProcessesIt remains to parallelize the single process versionof the best-�rst search. The key extension is to di-vide the single queue into multiple disjoint queuesand to distribute them to multiple processes. Bal-ancing sizes of queues among multiple processesat run time is rather straightforward, because anynode can be processed by any process. Each pro-cess maintains its own queue and broadcasts thelocally best chi-squared value to the others whenthe value is updated.There are a couple of concerns that do not arisepreviously. The �rst issue is that broadcasting theupdate of the locally best chi-squared value mayincrease the communication overhead between theprocesses. Another concern is that short delay ofthe broadcast may slightly deteriorate the over-

all performance, because the branch-and-boundheuristics uses the best chi-squared value at themoment. Tests however show that updates do notoccur so often, and therefore those concerns are notserious in practice.Listing Best n ConjunctionsWe have so far presented an algorithm for com-puting the optimal conjunction, but it is easy tomodify the algorithm to list the best n conjunc-tions. To this end, we can change to maintain thelist of the best n conjunctions instead of the bestconjunction. After this modi�cation, the branch-and-bound heuristics still works, because we canuse the n-th node instead of the best node to prunethe search space according to Theorem 3.2.4 Experimental ResultsImplementationWe implemented our algorithm by using C++and POSIX thread library. Experiments wereperformed on two di�erent types of large scaledshared-memory multi-processors. One is Sun Mi-crosystems Ultra Enterprise 10000 with 64 Ultra-SPARC processors running at 250MHz, 16GB ofmain memory, and 1MB of L2 cache for each pro-cessor, working under Solaris 2.5.1. Another is SGIOrigin 2000 with 128 R10000 processors running at195MHz, 24GB main memory, and 4MB L2 cachefor each processor, running under IRIX 6.5SE. Welimit the size of main memory to 2GB in order toverify that our implementation uses at most 2GBof main memory. In the case of SGI Origin 2000,since the time to access the remote memory is al-most three times larger than the time to access thelocal memory, we had to implement each thread tokeep a local copy of the entire relation to acceleratethe overall performance.Test DataWe randomly generated such a relation that the re-lation contains one hundred thousand records andthe value of an attribute in a record is equal to 1with a probability of p. We show the experimentalresults when p = 0:3, because in this case, the ex-ecution time was at most several hours, and there-fore we can measure the speed-up and the e�ectof the branch-and-bound heuristics in a reasonableamount of time. The relation contains one hundredconditional attributes and one objective attribute.We used one hundred primitive tests of the form(A = 1), where A is a conditional attribute. As theconclusion, we used (B = 1), where B is the objec-tive attribute. We selected the initial conjunction8
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Number of Threads(a) Sun Microsystems Ultra Enterprise 10000 (b) SGI Origin 2000Figure 3: Speed-up RatioEnterprise 10000 Origin 2000#(threads) Execution Time Speed-up Ratio Execution Time Speed-up Ratio1 6,760 1.00 6,503 1.0064 202 33.47 219 31.30128 N/A N/A 135 48.17Table 5: Execution Time in Seconds and Speed-up Ratioin a greedy manner. We applied our implementa-tion to the test data until the algorithm terminates;that is, all the queues become to be empty, and theoptimal conjunction is identi�ed.E�ect of Branch-and-Bound HeuristicsSince there are one hundred primitive tests, thealgorithm could generate 2100 conjunctions in theworst case. As a result of the branch-and-boundheuristics, however, the algorithm generates muchless conjunctions. We have performed the caseswhen numbers of threads are 1, 2, 4, 8, 16, 32,64, and 128. The total number of conjunctionsinserted into the distributed queues ranges from24194 to 24463. We have observed that every con-junction examined during the search contains atmost four primitive tests. Note that the number ofall conjunctions with at most four primitive tests isabout 4:3�106. This �gure again indicates that thebranch-and-bound heuristics can drastically reducethe search space.Speed-upThe speed-up ratio of n threads is de�ned as the ra-tio of the execution time of one thread to the execu-tion time of n threads. Figure 3 (a) and (b) presentthat the speed-up scales almost linearly with thenumber of threads on both Sun Microsystems Ul-tra Enterprise 10000 and SGI Origin 2000. Table 5shows the execution time in seconds.

Optimizing the Objective CriteriaUntil the system �nds the optimal conjunction, itoutputs the optimal conjunction at the moment.Let X and Y denote the assumption and the con-clusion of an association rule. Table 6 presentscandidates of the optimal conjunction that the sys-tem output during the computation when the sys-tem was executed as 64 threads on Sun Enterprise10000.Relationship between Execution Time andSize of Search SpaceWe have so far presented the performance of oursystem applied to the set of one hundred thousandrecords such that the value of each attribute in arecord is equal to 1 with a probability of p = 0:3.If we use higher values for the probability p, thenumber of conjunctions examined increases, andtherefore the total execution time also grows. Ta-ble 7 summarizes the performance results of ex-ecuting our algorithm as 32 threads on SUN Ul-tra Enterprise 10000. The execution time does notalways scale to the number of conjunctions exam-ined, since time to handle a longer conjunction withmore primitive tests decreases because of the e�ectof using materialized projections. The executiontime also depends on the structure of the searchtree. But in general, the growth of the number ofconjunctions raises the execution time.9



X is true. X is false.Assumption X Y is true. Y is false. Y is true. Y is false. �2[t1; t2] 9807 4240 20575 65378 12014.836[a10; t2] 5962 411 24420 69207 12841.383[a15; a23; a90] 5810 161 24572 69457 13445.606[t1; a39; a90] 5833 148 24549 69470 13559.018Table 6: Candidates of Optimal Conjunctions Calculated During the Computation ([t1; t2] is the initialconjunction, and [t1; a39; a90] is the optimal one.)p Execution Time Number ofin Seconds Conjunctions0.3 354 24,4630.4 1,396 74,1690.5 2,525 233,1480.6 8,261 803,280Table 7: Relationship between the Performanceand the Size of Search Space5 ConclusionWe have examined the optimization problem ofcomputing the optimal conjunction maximizing thechi-squared value that indicates the signi�cance ofthe correlation between the assumption and theconclusion of the rule. Although this optimizationproblem is NP-hard, we have introduced a noveldata structure called the distributable search tree,and we have presented how to construct this treeand how to speed up the performance of search-ing the distributable search tree on multiple pro-cesses. Our technique carries over to the generalcases when we use the entropy function, the giniindex, or the correlation coe�cient as evaluationcriteria.In Section 4, we use a synthesis data to evalu-ate the performance of our system. In practice, wehave been applying our system to the analysis ofmultiple factors leading to a common disease suchas diabetes, or high blood sugar level. This caseposes another problem of �nding a conjunction tosplit data into two classes so that the average ofthe objective numeric attribute values in one classis substantially higher than that in the other class.It is however NP-hard to �nd the optimal conjunc-tion that maximizes the interclass variance [7]. De-veloping an e�ective branch-and-bound heuristicsfor this case is an interesting problem.AcknowledgementsAll experimental results are done by using parallel ma-chines at Human Genome Center, Institute of MedicalScience, University of Tokyo. This research is partlysupported by Grant-in-Aid for Scienti�c Research on
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Introduction

Data Mining draws on many technologies to deliver novel and actionable discoveries from very large collections of
data. The Australian Government’s Cooperative Research Centre for Advanced Computational Systems (ACSys) is a
link between industry and research focusing on the deployment of high performance computers for data mining (as well
as virtual environments, interactive media, and advanced servers). The multidisciplinary ACSys team draws together
researchers in Statistics, Machine Learning, and Numerical Algorithms fromThe Australian National University and the
Australian Government’s research organisation CSIRO. Commercial projectsfrom banking, insurance, and health guide
our research.

We present an overview of the work of the ACSys Data Mining projects where the use of large-scale, high performance,
computers plays a key role. We highlight the use of large-scale computing within three complimentary areas: parallel
algorithms for data analysis, virtual environments for data mining,and data management for data mining. The Data
Miner’s Arcade provides simple abstractions to integrate these components providing high performance data access for
a variety of data mining tools communicating through XML.

Parallel Algorithms

Algorithms used in data mining projects include generalised additive models, thin plate splines, decision tree and rule
induction, patient rule induction methods, and more recently combination of simple rules. The issue of scalability must
be addressed in the context of data mining. We illustrate this with anextension to multivariate adaptive regression splines
using BMARS. MARS (Friedman 1991) constructs a linear combination ofbasis functions which are products of one-
dimensional basis functions (indicator functions in the case of categorical variables and truncated power functions in the
case of numeric variables). The key to the method is that the basis functions are generated recursively and depend on
the data. The important implication of the approach is that models produced by MARS involve only variables and their
interactions relevant to the problem at hand. This property of MARS models is especially useful in a data mining context.
BMARS (Bakin, Hegland, Howard and Williams 1999) improves upon MARS by: using compactly supported B-spline
basis functions; utilising a new scale-by-scale model building strategy; and introducing a parallel implementation. These
modifications allow the stable andfast (compared to MARS) analysis of very large datasets.

Virtual Environments

All stages of a data mining project require considerable understanding of multidimensional data. Visualisation tools,
both for exploratory data analysis and for exploring the models produced by the data analysis algorithms, can play a
significant role, particularly in the context of complex models generated through data mining (Williams and Huang
1997, Williams 1999). Traditional approaches tend to be limited by themouse-keyboard-monitor interface. Virtual
environments (VEs) dramatically increase the “canvas” on which to render graphic representations of the data that scale
to large numbers of dimensions through an interactive, immersive, environment.

An approach being explored for this task is a technique for partitioning a 3D VE into smaller working regions, each of
which is capable of holding a subspace of the original multidimensional data space (Nagappan 1999). The algorithm
distributes a set of partitioning axes in a radial arrangement from a single common origin, with one axis for each
dimension in the data set. The ends of the axes thus lie on the surface ofa sphere. A convex hull is generated to connect
the ends of the axes together. The axes and the space that they form can be used for a number of visualisation strategies,
including rectangular prism and the use of density functions.

1The author acknowledges the support provided by the Cooperative Research Centre for Advanced Computational Systems (ACSys) established
under the Australian Government’s Cooperative Research Centres Program.
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Data Management

Data is stored in a variety of formats and within a variety of database systems, and needs to be accessed in a timely
manner and potentially multiple times. Smart caching and other optimisations, tuned for particular classes of analysis
algorithms, is required. The semantic extension framework (SEF) for Java (Marquez, Zigman and Blackburn 1999) is
an abstraction tool which provides orthogonality of the algorithms with respect to the data source. This approach allows
datasets to be transparently accessed and efficiently managed from any source. Algorithms accessing the data simply
view the data as Java data structures which are efficiently instantiated as required and as determined by the semantic
extensions provide for the relevant objects. This new project is exploring the use of the SEF to provide orthogonality
and optimised access to large scale datasets.

Pulling it Together

The Java-based Data Miner’s Arcade (Williams 1998) is a platform-independent system for integrating multiple analysis
and visualisation tools with a consistent user interface, providing seamless access to data stored in a multitude of systems.
Standard interfaces are used where available and data is accessed through ODBC andJDBC or from other sources and
managed internally within the Arcade. This is proposed to be redeveloped using the Java semantic extension framework
to provide orthogonality between the analysis algorithms and the datasources. The Extensible Markup Language (XML)
is adopted as the target “language” for the data mining tools within the environment (Grossman, Bailey, Ramu, Malhi,
Hallstrom, Pulleyn and Qin 1999). Models expressed in XML can be visualised, run, or combined with other models in
ensemble systems, through the use of plug-ins within the Data Miner’s Arcade.
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Abstract

To cluster increasingly massive data sets that are common

today in data and text mining, we propose a parallel imple-

mentation of the k-means clustering algorithm based on the

message passing model. The proposed algorithm exploits

the inherent data-parallelism in the k-means algorithm. We

analytically show that the speedup and the scaleup of our al-

gorithm approach the optimal as the number of data points

increases. We implemented our algorithm on an IBM POW-

ERparallel SP2 with a maximum of 16 nodes. On typical

test data sets, we observe nearly linear relative speedups, for

example, 15.62 on 16 nodes, and essentially linear scaleup

in the size of the data set and in the number of clusters de-

sired. For a 2 gigabyte test data set, our implementation

drives the 16 node SP2 at more than 1.8 gigaflops.

Keywords: k-means, data mining, massive data sets,

message-passing, text mining.

1 Introduction

Data sets measuring in gigabytes and even terabytes are
now quite common in data and text mining, where a
few million data points are the norm. For example, the
patent database (www.ibm.com/patents/), the Lexis-
Nexis document collection containing more than 1.5 bil-
lion documents (www.lexisnexis.com), and the Internet
archive (www.alexa.com) are in multi-terabyte range.
When a sequential data mining algorithm cannot be
further optimized or when even the fastest available se-
rial machine cannot deliver results in a reasonable time,
it is natural to look to parallel computing. Furthermore,
given the monstrous sizes of the data sets, it often hap-
pens that they cannot be processed in-core, that is, in
the main memory of a single processor machine. In
such a situation, instead of implementing a disk based
algorithm which is likely to be considerably slower, it is

∗A version of this paper has been submitted to IEEE

Transactions on Knowledge and Data Engineering.

appealing to employ parallel computing and to exploit
the main memory of all the processors.

Parallel data mining algorithms have been recently
considered for tasks such as association rules and clas-
sification, see, for example, [Agrawal and Shafer1996],
[Chattratichat et al.1997], [Cheung and Xiao1999],
[Han et al.1997], [Joshi et al.1998], [Kargupta et al.1997],
[Shafer et al.1996], [Srivastava et al.1998], [Zaki et al.1998],
and [Zaki et al.1997]. Also, see [Stolorz and Musick1997]
and [Freitas and Lavington1998] for recent books on
scalable and parallel data mining.

In this paper, we consider parallel clustering. Clus-
tering or grouping of similar objects is one of the most
widely used procedures in data mining [Fayyad et al.1996].
Practical applications of clustering include unsuper-
vised classification and taxonomy generation [Hartigan1975],
nearest neighbor searching [Fukunaga and Narendra1975],
scientific discovery [Smyth et al.1997], vector quan-
tization [Gersho and Gray1992], time series analysis
[Shaw and King1992], multidimensional visualization
[Dhillon et al.1998], and text analysis and navigation
[Cutting et al.1992].

As our main contribution, we propose a parallel clus-
tering algorithm on distributed memory multiproces-
sors, that is, on a shared-nothing parallel machine,
and analytically and empirically validate our paral-
lelization strategy. Specifically, we propose a paral-
lel version of the popular k-means clustering algorithm
[Hartigan1975] based on the message-passing model of
parallel computing [Gropp et al.1996, Snir et al.1997].

We now briefly outline the paper, and summarize our
results. In Section 2, we present the k-means algorithm.
In Section 3, we carefully analyze the computational
complexity of the k-means algorithm. Based on this
analysis, we observe that the k-means algorithm is in-
herently data-parallel. By exploiting this parallelism,
we design a parallel k-means algorithm. We analytically
show that the speedup and the scaleup of our algorithm
approach the optimal as the number of data points in-
creases. In other words, we show that as the number of
data points increases the communication costs incurred
by our parallelization strategy are relatively insignifi-
cant compared to the overall computational complexity.
Our parallel algorithm is based on the message-passing
model of parallel computing; this model is also briefly



reviewed in Section 3. In Section 4, we empirically study
the performance of our parallel k-means algorithm (that
is, speedup and scaleup) on an IBM POWERparallel
SP2 with a maximum of 16 nodes. We empirically es-
tablish that our parallel k-means algorithm has nearly
linear speedup, for example, 15.62 on 16 nodes, and has
nearly linear scaleup behavior. To capture the effec-
tiveness of our algorithm in a nutshell, note that we are
able to to drive the 16 node SP2 at nearly 1.8 gigaflops
(floating point operations) on a 2 gigabyte test data set.

2 The k-means Algorithm

Suppose that we are given a set of n data points
X1, X2, · · · , Xn such that each data point is in Rd. The
problem of finding the minimum variance clustering of
this data set into k clusters is that of finding k points
{mj}

k
j=1 in Rd such that

1

n

n
∑

i=1

(

min
j

d2(Xi, mj)

)

, (1)

is minimized, where d(Xi, mj) denotes the Euclidean
distance between Xi and mj . The points {mj}

k
j=1

are known as cluster centroids or as cluster means.
Informally, the problem in (1) is that of finding k cluster
centroids such that the average squared Euclidean
distance (also known as the mean squared error or MSE,
for short) between a data point and its nearest cluster
centroid is minimized. Unfortunately, this problem is
known to be NP-complete [Garey et al.1982].

The classical k-means algorithm [Hartigan1975] pro-
vides an easy-to-implement approximate solution to (1).
Reasons for popularity of k-means are ease of interpre-
tation, simplicity of implementation, scalability, speed
of convergence, adaptability to sparse data, and ease
of out-of-core implementation [Zhang et al.1996]. We
present this algorithm in Figure 1, and intuitively ex-
plain it below:

1. (Initialization) Select a set of k starting points
{mj}

k
j=1 in Rd (line 5 in Figure 1). The selection

may be done in a random manner or according to
some heuristic.

2. (Distance Calculation) For each data point Xi,
1 ≤ i ≤ n, compute its Euclidean distance to each
cluster centroid mj , 1 ≤ j ≤ k, and then find the
closest cluster centroid (lines 14-21 in Figure 1).

3. (Centroid Recalculation) For each 1 ≤ j ≤ k,
recompute cluster centroid mj as the average of data
points assigned to it (lines 22-26 in Figure 1).

4. (Convergence Condition) Repeat steps 2 and 3,
until convergence (line 28 in Figure 1).

The above algorithm can be thought of as a gradient-
descent procedure which begins at the starting cluster
centroids and iteratively updates these centroids to
decrease the objective function in (1). Furthermore,
it is known that k-means will always converge to a local
minimum [Bottou and Bengio1995]. The particular
local minimum found depends on the starting cluster
centroids. As mentioned above, the problem of finding
the global minimum is NP-complete.

Before the above algorithm converges, steps 2 and 3
are executed a number of times, say I. The positive
integer I is known as the number of k-means iterations.
The precise value of I can vary depending on the initial
starting cluster centroids even on the same data set.

A completely different tree-structured algorithm for
k-means has been presented by Alsabti, Ranka, and
Singh [Alsabti et al.1998]. It is not clear, however,
whether their algorithm is amenable to massive par-
allelization akin to ours.

Next, we analyze, in detail, the computational
complexity of the above algorithm, and propose a
parallel implementation.

3 Parallel k-means: Design and

Analysis

Our parallel algorithm design is based on the Single
Program Multiple Data (SPMD) model using message-
passing which is currently the most prevalent model for
computing on distributed memory multiprocessors. We
assume a shared-nothing machine with P processors–
each with a local memory. The communication between
these processors is captured by MPI, the Message
Passing Interface, which is a standardized, portable,
and widely available message-passing system designed
by a group of researchers from academia and industry
[Gropp et al.1996, Snir et al.1997].

From a programmer’s perspective, parallel computing
using MPI appears as follows. The programmer writes
a single program in C (or C++ or FORTRAN 77),
compiles it, and links it using the MPI library. The
resulting object code is loaded in the local memory
of every processor taking part in the computation;
thus creating P “parallel” processes. Each process
is assigned a unique identifier between 0 and P − 1.
Depending on its processor identifier, each process may
follow a distinct execution path through the same code.
These processes may communicate with each other by
calling appropriate routines in the MPI library which
encapsulates the details of communications between
various processors. Table 1 gives a glossary of various
MPI routines which we use in our parallel version of
k-means in Figure 2.



MPI Comm size() returns the number of processes

MPI Comm rank() returns the process identifier for the calling process
MPI Bcast(message, root) broadcasts “message” from a process with identifier

“root” to all of the processes
MPI Allreduce(A, B, MPI SUM) sums all the local copies of “A” in all the processes

(reduction operation) and places the result in “B” on
all of the processes (broadcast operation)

MPI Wtime() returns the number of seconds since
some fixed, arbitrary point of time in the past

Table 1: Conceptual syntax and functionality of MPI routines which are used in Figure 2. For the exact syntax and
usage, see [Gropp et al.1996, Snir et al.1997].

1:
2:
3: MSE = LargeNumber;
4:
5: Select k initial cluster centroids {mj}

k
j=1;

6:
7:
8: do {
9: OldMSE = MSE;
10: MSE′ = 0;
11: for j = 1 to k
12: m′

j = 0; n′

j = 0;
13: endfor;
14: for i = 1 to n
15: for j = 1 to k
16: compute squared Euclidean

distance d2(Xi, mj);
17: endfor;
18: find the closest centroid mℓ to Xi;
19: m′

ℓ = m′

ℓ + Xi; n′

ℓ = n′

ℓ + 1;
20: MSE′ = MSE′ + d2(Xi, mℓ);
21: endfor;
22: for j = 1 to k
23:
24:
25: nj = max(n′

j, 1); mj = m′

j/nj;
26: endfor;
27: MSE = MSE′;
28: } while (MSE < OldMSE)

Figure 1: Sequential k-means Algorithm.

1: P = MPI Comm size ();
2: µ = MPI Comm rank ();
3: MSE = LargeNumber;
4: if (µ = 0)
5: Select k initial cluster centroids {mj}

k
j=1;

6: endif;
7: MPI Bcast ({mj}

k
j=1, 0);

8: do {
9: OldMSE = MSE;
10: MSE′ = 0;
11: for j = 1 to k
12: m′

j = 0; n′

j = 0;
13: endfor;
14: for i = µ ∗ (n/P ) + 1 to (µ + 1) ∗ (n/P )
15: for j = 1 to k
16: compute squared Euclidean

distance d2(Xi, mj);
17: endfor;
18: find the closest centroid mℓ to Xi;
19: m′

ℓ = m′

ℓ + Xi; n′

ℓ = n′

ℓ + 1;
20: MSE′ = MSE′ + d2(Xi, mℓ);
21: endfor;
22: for j = 1 to k
23: MPI Allreduce (n′

j , nj, MPI SUM);
24: MPI Allreduce (m′

j , mj , MPI SUM);

25: nj = max(nj , 1); mj = mj/nj;
26: endfor;
27: MPI Allreduce (MSE′, MSE, MPI SUM);
28: } while (MSE < OldMSE)

Figure 2: Parallel k-means Algorithm. See Table 1
for a glossary of various MPI routines used above.



We begin by analyzing, in detail, the computational
complexity of the sequential implementation of the k-
means algorithm in Figure 1. We count each addition,
multiplication, or comparison as one floating point op-
eration (flop). It follows from Figure 1 that the amount
of computation within each k-means iteration is con-
stant, where each iteration consists of “distance calcu-
lations” in lines 14-21 and a “centroid recalculations”
in lines 22-26. A careful examination reveals that the
“distance calculations” require roughly (3nkd+nk+nd)
flops per iteration, where 3nkd, nk, and nd correspond
to lines 15-17, line 18, and line 19 in Figure 1, respec-
tively. Also, “centroid recalculations” require approxi-
mately kd flops per iteration. Putting these together,
we can estimate the computation complexity of the se-
quential implementation of the k-means algorithm as

(3nkd + nk + nd + kd) · I · T flop, (2)

where I denotes the number of k-means iterations and
T flop denotes the time (in seconds) for a floating point
operation. In this paper, we are interested in the case
when the number of data points n is quite large in
an absolute sense, and also large relative to d and k.
Under this condition the serial complexity of the k-
means algorithm is dominated by

T1 ∼ (3nkd) · I · T flop. (3)

By implementing a version of k-means on a dis-
tributed memory machine with P processors, we hope
to reduce the total computation time by nearly a fac-
tor of P . Observe that the “distance calculations” in
lines 14-21 of Figure 1 are inherently data parallel, that
is, in principle, they can be executed asynchronously
and in parallel for each data point. Furthermore, ob-
serve that these lines dominate the computational com-
plexity in (2) and (3), when the number of data points
n is large. In this context, a simple, but effective, paral-
lelization strategy is to divide the n data points into P
blocks (each of size roughly n/P ) and compute lines 14-
21 for each of these blocks in parallel on a different pro-
cessor. This is the approach adopted in Figure 2.

For simplicity, assume that P divides n. In Figure 2,
for µ = 0, 1, · · · , P − 1, we assume that the process
identified by “µ” has access to the data subset {Xi, i =
(µ) ∗ (n/P ) + 1, · · · , (µ + 1) ∗ (n/P )}. Observe that
each of the P processes can carry out the “distance
calculations” in parallel or asynchronously, if the
centroids {mj}

k
j=1 are available to each process. To

enable this potential parallelism, in Figure 1, a local
copy of the centroids {mj}

k
j=1 is maintained for each

process, see, line 7 and lines 22-26 in Figure 2 (see
Table 1 for a glossary of the MPI calls used). Under this
parallelization strategy, each process needs to handle
only n/P data points, and hence we expect the total

computation time for the parallel k-means to decrease
to

T comp
P =

T1

P
∼

(3nkd) · I · T flop

P
. (4)

In other words, as a benefit of parallelization, we
expect the computational burden to be shared equally
by all the P processors. However, there is also a
price attached to this benefit, namely, the associated
communication cost, which we now examine.

Before each new iteration of k-means can begin,
all the P processes must communicate to recompute
the centroids {mj}

k
j=1. This global communication

(and hence synchronization) is represented by lines 22-
26 of Figure 2. Since, in each iteration, we must
“MPI Allreduce” roughly d · k floating point numbers,
we can estimate the communication time for the parallel
k-means to be

T comm
P ∼ d · k · I · T reduce

P , (5)

where T reduce
P denotes the time (in seconds) required

to “MPI Allreduce” a floating point number on P
processors. On most architectures, one may assume
that T reduce

P = O(log P ) [Culler et al.1996].
Line 27 in Figure 2 ensures that each of the P

processes has a local copy of the total mean-squared-
error “MSE”, hence each process can independently
decide on the convergence condition, that is, when to
exit the “do{ · · · }while” loop.

In conclusion, each iteration of our parallel k-means
algorithm consists of an asynchronous computation
phase followed by a synchronous communication phase.
The reader may compare Figures 1 and 2 line-by-line to
see the precise correspondence of the proposed parallel
algorithm with the serial algorithm. We stress that
Figure 2 is optimized for understanding, and not for
speed! In particular, in our actual implementation, we
do not use (2k+1) different “MPI Allreduce” operations
as suggested by lines 23, 24, and 27, but rather use
a single block “MPI Allreduce” by assigning a single,
contiguous block of memory for the variables {mj}

k
j=1,

{nj}
k
j=1, and MSE and a single, contiguous block of

memory for the variables {m′

j}
k
j=1, {n

′

j}
k
j=1, and MSE′.

We can now combine (4) and (5) to estimate the com-
putational complexity of the parallel k-means algorithm
as

TP = T comp
P + T comm

P ∼
(3nkd) · I · T flop

P
+ d · k · I · T reduce

P .

(6)

It can be seen from (4) and (5) that the relative cost
for the communication phase T comm

P is insignificant
compared to that for the computation phase T comp

P , if

P · T reduce
P

3 · T flop
≪ n . (7)



Since the left-hand side of the above condition is a ma-
chine constant, as the number of data points n increases,
we expect the relative cost for the communication phase
compared to the computation phase to progressively de-
crease.

In the next section, we empirically study the perfor-
mance of the proposed parallel k-means algorithm.

4 Performance and Scalability

Analysis

Sequential algorithms are tested for correctness by
seeing whether they give the right answer. For parallel
programs, the right answer is not enough: we would
like to decrease the execution time by adding more
processors or we would like to handle larger data sets by
using more processors. These desirable characteristics
of a parallel algorithm are measured using “speedup”
and “scaleup,” respectively; we now empirically study
these characteristics for the proposed parallel k-means
algorithm.

4.1 Experimental Setup

We ran all of our experiments on an IBM SP2 with a
maximum of 16 nodes. Each node in the multiprocessor
is a Thin Node 2 consisting of a IBM POWER2
processor running at 160 MHz with 256 megabytes
of main memory. The processors all run AIX level
4.2.1 and communicate with each other through the
High-Performance Switch with HPS-2 adapters. The
entire system runs PSSP 2.3 (Parallel System Support
Program). See [Snir et al.1995] for further information
about the SP2 architecture.

Our implementation is in C and MPI. All the timing
measurements are done using the routine “MPI Wtime()”
described in Table 1. Our timing measurements ignore
the I/O times (specifically, we ignore the time required
to read in the data set from disk), since, in this pa-
per, we are only interested in studying the efficacy of
our parallel k-means algorithm. All the timing mea-
surements were taken on an otherwise idle system. To
smooth out any fluctuations, each measurement was re-
peated five times and each reported data point is to be
interpreted as an average over five measurements.

For a given number of data points n and number of di-
mensions d, we generated a test data set with 8 clusters
using the algorithm in [Milligan1985]. A public domain
implementation of this algorithm “clusgen.c” is avail-
able from Dave Dubin (http://alexia.lis.uiuc.edu/̃dubin/).
The advantage of such data generation is that we can
generate as many data sets as desired with precisely
specifiable characteristics.

As mentioned in Section 2, each run of the k-means
algorithm depends on the choice of the starting cluster
centroids. Specifically, the initial choice determines
the specific local minimum of (1) that will be found

by the algorithm, and it determines the number of k-
means iterations. To eliminate the impact of the initial
choice on our timing measurements, for a fixed data set,
identical starting cluster centroids are used–irrespective
of the number of processors used.

We are now ready to describe our experimental
results.

4.2 Speedup

Relative speedup is defined as the ratio of the execution
time for clustering a data set into k clusters on 1
processor to the execution time for identically clustering
the same data set on P processors. Speedup is a
summary of the efficiency of the parallel algorithm.

Using (3) and (6), we may write relative speedup of
the parallel k-means roughly as

Speedup =
(3nkd) · I · T flop

(3nkd) · I · T flop/P + d · k · I · T reduce
P

,

(8)

which approaches the linear speedup of P when condi-
tion (7) is satisfied, that is, the number of data points
n is large. We report three sets of experiments, where
we vary n, d, and k, respectively.

Varying n: First, we study the speedup behavior
when the number of data points n is varied.
Specifically, we consider five data sets with n =
213, 215, 217, 219, and 221. We fixed the number
of dimensions d = 8 and the number of desired
clusters k = 8. We clustered each data set on P =
1, 2, 4, 8, and 16 processors. We report the measured
execution times in Figure 3, and the corresponding
relative speedup results in Figure 4, from where we
can observe the following facts:

• For the largest data set, that is, n = 221,
we observe a relative speedup of 15.62 on 16
processors. Thus, for large number of data points
n our parallel k-means algorithm has nearly linear
relative speedup.

But, in contrast, for the smallest data set, that is,
n = 211, we observe that relative speedup flattens
at 6.22 on 16 processors.

• For a fixed number of processors, say, P = 16, as
the number of data points increase from n = 211

to n = 221 the observed relative speedup generally
increases from 6.22 to 15.62, respectively. In
other words, our parallel k-means has an excellent
sizeup behavior in the number of data points.

All these empirical facts are consistent with the the-
oretical analysis presented in the previous section;
in particular, see condition (7).
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Figure 3: Speedup curves. We plot execution time in
log10-seconds versus the number of processors. Five
data sets are used with number of data points n =
213, 215, 217, 219, and 221. The number of dimensions
d = 8 and the number of clusters k = 8 are fixed for
all the five data sets. For each data set, the k-means
algorithm required I = 3, 10, 8, 164 and 50 number of
iterations, respectively. For each data set, a dotted line
connects the observed execution times, while a solid
line represents the “ideal” execution times obtained by
dividing the observed execution time for 1 processor by
the number of processors.

Varying d: Second, we study the speedup behavior
when the number of dimensions d is varied. Specifi-
cally, we consider three data sets with d = 2, 4, and
8. We fixed the number of data points n = 221 and
the number of desired clusters k = 8. We clustered
each data set on P = 1, 2, 4, 8, and 16 processors.
We report the measured relative speedup results in
Figure 5.

Varying k: Finally, we study the speedup behavior
when the number of desired clusters k is varied.
Specifically, we clustered a fixed data set into k =
2, 4, 8, and 16 clusters. We fixed the number of data
points n = 221 and the number of dimensions d = 8.
We clustered the data set on P = 1, 2, 4, 8, and
16 processors. The corresponding relative speedup
results are given in Figure 6.

In Figure 4, we observe nearly linear speedups
between 15.42 to 15.53 on 16 processors. Similarly,
in Figure 5, we observe nearly linear speedups
between 15.08 to 15.65 on 16 processors. The
excellent speedup numbers can be attributed to the
fact that for n = 221 the condition (7) is satisfied.
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Figure 4: Relative Speedup curves for five data sets
with points n = 213, 215, 217, 219, and 221. The number
of dimensions d = 8 and the number of clusters k = 8
are fixed for all the five data sets. For each data set,
the k-means algorithm required I = 3, 10, 8, 164 and
50 number of iterations, respectively. The solid line
represents “ideal” linear relative speedup. For each data
set, a dotted line connects observed relative speedups.

Also, observe that all the relative speedup numbers
in Figures 5 and 6 are essentially independent of d
and k, respectively. This is consistent with the fact
that neither d nor k appears in the condition (7).

4.3 Scaleup

For a fixed data set (or a problem size), speedup
captures the decrease in execution speed that can
be obtained by increasing the number of processors.
Another figure of merit of a parallel algorithm is scaleup
which captures how well the parallel algorithm handles
larger data sets when more processors are available.
Our scaleup study measures execution times by keeping
the problem size per processor fixed while increasing
the number of processors. Since, we can increase the
problem size in either the number of data points n,
the number of dimensions d, or the number of desired
clusters k, we can study scaleup with respect to each of
these parameters at a time.

Relative scaleup of the parallel k-means algorithm
with respect to n is defined as the ratio of the execution
time (per iteration) for clustering a data set with n
data points on 1 processor to the the execution time
(per iteration) for clustering a data set with n · P data
points on P processors–where the number of dimensions
d and the number of desired clusters k are held constant.
Observe that we measure execution time per iteration,
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Figure 5: Relative speedup curves for three data sets
with d = 2, 4, and 8. The number of data points
n = 221 and the number of clusters k = 8 are fixed
for all the three data sets. The solid line represents
“ideal” linear relative speedup. For each data set, a
dotted line connects observed relative speedups. It can
be seen that relative speedups for different data sets are
virtually indistinguishable from each other.

and not raw execution time. This is necessary since the
k-means algorithm may require a different number of
iterations I for a different data set. Using (3) and (6),
we can analytically write relative scaleup with respect
to n as

Scaleup =
(3nkd) · T flop

(3nPkd) · T flop/P + d · k · T reduce
P

. (9)

It follows from (9) that if

T reduce
P

3 · T flop
≪ n , (10)

then we expect relative scaleup to approach the con-
stant 1. Observe that condition (10) is weaker than
(7), and will be more easily satisfied for large number
of data points n which is the case we are interested
in. Relative scaleup with respect to either k or d can
be defined analogously; we omit the precise definitions
for brevity. The following experimental study shows
that our implementation of parallel k-means has linear
scaleup in n and k, and surprisingly better than linear
scaleup in d.

Scaling n: To empirically study scaleup with respect
to n, we clustered data sets with n = 221 · P on
P = 1, 2, 4, 8, 16 processors, respectively. We fixed
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Figure 6: Relative speedup curves for four data sets
with k = 2, 4, 8, and 16. The number of data points
n = 221 and the number of dimensions d = 8 are fixed
for all the four data sets. The solid line represents
“ideal” linear relative speedup. For each data set, a
dotted line connects observed relative speedups. It can
be seen that relative speedups for different data sets are
virtually indistinguishable from each other.

the number of dimensions d = 8 and the number
of desired clusters k = 8. The execution times per
iteration are reported in Figure 7, from where it can
be seen that the parallel k-means delivers virtually
constant execution times in number of processors,
and hence has excellent scaleup with respect to n.
The largest data set with n = 221 · 16 = 225 is
roughly 2 gigabytes. For this data set, our algorithm
drives the SP2 at nearly 1.2 gigaflops. Observe that
the main memory available on each of the 16 nodes is
256 megabytes, and hence this data set will not fit in
the main memory of any single node, but easily fits
in the combined main memory of 16 nodes. This
is yet another benefit of parallelism–the ability to
cluster significantly large data sets in-core, that is,
in main memory.

Scaling k: To empirically study scaleup with respect
to k, we clustered a data set into k = 8·P clusters on
P = 1, 2, 4, 8, 16 processors, respectively. We fixed
the number of data points n = 221, and the number
of dimensions d = 8. The execution times per
iteration are reported in Figure 7, from where it can
be seen that our parallel k-means delivers virtually
constant execution times in number of processors,
and hence has excellent scaleup with respect to k.
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Figure 7: Scaleup curves. We plot execution time per
iteration in seconds versus the number of processors.
The same data set with n = 221, d = 8, and k = 8
is used for all the three curves–when the number of
processors is equal to 1. For the “n” curve, the number
of data points is scaled by the number of processors,
while d and k are held constant. For the “k” curve, the
number of clusters is scaled by the number of processors,
while n and d are held constant. For the “d” curve,
the number of dimensions is scaled by the number of
processors, while n and k are held constant.

Scaling d: To empirically study scaleup with respect
to d, we clustered data sets with the number
of dimensions d = 8 · P on P = 1, 2, 4, 8, 16
processors, respectively. We fixed the number of
data points n = 221, and the number of desired
clusters k = 8. The execution times per iteration are
reported in Figure 7, from where it can be seen that
our parallel k-means delivers better than constant
execution times in number of processors, and hence
has surprisingly nice scaleup with respect to d. We
conjecture that this phenomenon occurs due to the
reduced loop overhead in the “distance calculations”
as d increases (see Figure 2). The largest data set
with d = 8 · 16 = 128 is roughly 2 gigabytes. For
this data set, our algorithm drives the SP2 at nearly
1.8 gigaflops.

5 Future Work

In this paper, we proposed a parallel k-means algorithm
for distributed memory multiprocessors. Our algorithm
is also easily adapted to shared memory multiprocessors
where all processors have access to the same memory
space. Many such machines are now currently available

from a number of vendors. The basic strategy in
adapting our algorithm to shared memory machine
with P processors would be the same as that in this
paper, namely, divide the set of data points n into
P blocks (each of size roughly n/P ) and compute
distance calculations in lines 14-21 of Figure 1 for each
of these blocks in parallel on a different processor while
ensuring that each processor has access to a separate
copy of the centroids {mj}

k
j=1. Such an algorithm can

be implemented on a shared memory machine using
threads [Northrup1996].

It is well known that the k-means algorithm is a hard
thresholded version of the expectation-maximization
(EM) algorithm [McLachlan and Krishnan1996]. We
believe that the EM algorithm can be effectively
parallelized using essentially the same strategy as that
used in this paper.
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Parallel Sequence Mining on Shared-Memory Machines
Mohammed J. Zaki
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Abstract
We present pSPADE, a parallel algorithm for fast discovery of
frequent sequences in large databases. pSPADE decomposes
the original search space into smaller suffix-based classes.
Each class can be solved in main-memory using efficient
search techniques, and simple join operations. Further each
class can be solved independently on each processor requiring
no synchronization. However, dynamic inter-class and intra-
class load balancing must be exploited to ensure that each
processor gets an equal amount of work. Experiments on a
12 processor SGI Origin 2000 shared memory system show
good speedup and scaleup results.

1 Introduction

The sequence mining task is to discover a sequence
of attributes (items), shared across time among a large
number of objects (transactions) in a given database.
The task of discovering all frequent sequences in large
databases is quite challenging. The search space is
extremely large. For example, withm attributes there
areO(mk) potentially frequent sequences of length at
mostk. Clearly, sequential algorithms cannot provide
scalability, in terms of the data size and the performance,
for large databases. We must therefore rely on parallel
multiprocessor systems to fill this role.

Previous work on parallel sequence mining has only
looked at distributed-memory machines[Shintani and
Kitsuregawa, 1998]. In this paper we look at shared-
memory systems, which are capable of delivering high
performance for low to medium degree of parallelism
at an economically attractive price. SMP machines are
the dominant types of parallel machines currently used
in industry. Individual nodes of parallel distributed-
memory machines are also increasingly being designed
to be SMP nodes.

Our platform is a 12 processor SGI Origin 2000

system, which is a cache-coherent non-uniform mem-
ory access (CC-NUMA) machine. For cache coher-
ence the hardware ensures that locally cached data al-
ways reflects the latest modification by any processor.
It is NUMA because reads/writes to local memory are
cheaper than reads/writes to a remote processor’s mem-
ory. The main challenge in obtaining high performance
on these systems is to ensure gooddata locality, mak-
ing sure that most read/writes are to local memory, and
reducing/eliminatingfalse sharing, which occurs when
two different shared variables are (coincidentally) lo-
cated in the same cache block, causing the block to
be exchanged between the processors due to coherence
maintenance operations, even though the processors are
accessing different variables. Of course, the other fac-
tor influencing parallel performance for any system is
to ensure goodload balance, i.e., making sure that each
processor gets an equal amount of work.

In this paper we present pSPADE, a parallel algo-
rithm for discovering the set of all frequent sequences,
targeting shared-memory systems, the first such study.
pSPADE has been designed such that it has very good
locality and has virtually no false sharing. Further,
pSPADE is an asynchronous algorithm, in that it re-
quires no synchronization among processors, except
when a load imbalance is detected. We carefully con-
sider several design alternatives in terms of data and task
parallelism, and in terms of the load balancing strategy
used, before adopting the best approach in pSPADE. An
extensive set of experiments is performed on the SGI
Origin 2000 machine. pSPADE delivers good speedup
and scales linearly in the database size.

The rest of the paper is organized as follows: We
describe the sequence discovery problem in Section 2.
Section 3 describes the serial algorithm, while the
design and implementation issues for pSPADE are
presented in Section 4. An experimental study is
presented in Section 5, and we conclude in Section 6.

2 Sequence Mining

The problem of mining sequential patterns can be stated
as follows: LetI = fi1; i2; � � � ; img be a set ofm
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distinct attributes, also calleditems. An itemsetis a
non-empty unordered collection of items (without loss
of generality, we assume that items of an itemset are
sorted in increasing order). Asequenceis an ordered
list of itemsets. An itemseti is denoted as(i1i2 � � � ik),
whereij is an item. An itemset withk items is called
a k-itemset. A sequence� is denoted as(�1 7! �2 7!� � � 7! �q), where the sequenceelement�j is an itemset.
A sequence withk items (k = Pj j�j j) is called ak-
sequence. For example,(B 7! AC) is a 3-sequence.
An item can occur only once in an itemset, but it can
occur multiple times in different itemsets of a sequence.
A sequence� = (�1 7! �2 7! � � � 7! �n) is a
subsequenceof another sequence� = (�1 7! �2 7!� � � 7! �m), denoted as� � �, if there exist integersi1 < i2 < � � � < in such thataj � bij for all aj .
For example the sequence(B 7! AC) is a subsequence
of (AB 7! E 7! ACD), since the sequence elementsB � AB, andAC � ACD. On the other hand the
sequence(AB 7! E) is not a subsequence of(ABE),
and vice versa. We say that� is a proper subsequence of�, denoted� � �, if � � � and� 6� �. A sequence is
maximalif it is not a subsequence of any other sequence.
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Figure 1: Original Database

A transactionT has a unique identifier andcontains
a set of items, i.e.,T � I. A customer, C, has a unique
identifier and has associated with it a list of transactionsfT1; T2; � � � ; Tng. Without loss of generality, we assume
that no customer has more than one transaction with the
same time-stamp, so that we can use the transaction-
time as the transaction identifier. We also assume
that the list of customer transactions is sorted by the
transaction-time. Thus the list of transactions of a
customer is itself a sequenceT1 7! T2 7! � � � 7! Tn,
called thecustomer-sequence. The database,D, consists
of a number of such customer-sequences. A customer-
sequence,C, is said tocontaina sequence�, if � � C,
i.e., if � is a subsequence of the customer-sequence

C. The supportor frequencyof a sequence, denoted�(�), is the the total number of customers that contain
this sequence. Given a user-specified threshold called
the minimum support(denotedmin sup), we say that
a sequence isfrequent if occurs more thanmin sup
times. The set of frequentk-sequences is denoted asFk. Given a databaseD of customer sequences and
min sup, the problem of mining sequential patterns is to
find all frequent sequences in the database. For example,
consider the customer database shown in figure 1. The
database has three items (A;B;C), four customers, and
twelve transactions in all. The figure also shows all the
frequent sequences with a minimum support of 75% or
3 customers.

3 The Serial SPADE Algorithm

Several sequence mining algorithms have been proposed
in recent years[Srikant and Agrawal, 1996, Mannila
et al., 1997, Oateset al., 1997]. GSP [Srikant and
Agrawal, 1996] is one of the best known serial algo-
rithms. Recently, SPADE[Zaki, 1998] was shown to
outperform GSP by a factor of two in the general case,
and by a factor of ten with a pre-processing step. In this
section we describe SPADE[Zaki, 1998], a serial algo-
rithm for fast discovery of frequent sequences, which
forms the basis for the parallel pSPADE algorithm.

Sequence Lattice SPADE uses the observation that
the subsequence relation� defines a partial order on the
set of sequences, also called aspecialization relation. If� � �, we say that� is more general than�, or � is
more specific than�. The second observation used is
that the relation� is amonotone specialization relation
with respect to the frequency�(�;D), i.e., if � is a
frequent sequence, then all subsequences� � � are
also frequent. The algorithm systematically searches the
sequence lattice spanned by the subsequence relation,
from the most general to the maximally specific frequent
sequences in a breadth/depth-first manner. For example,
Figure 2 A) shows the lattice of frequent sequences for
our example database.

Support Counting Most of the current sequence min-
ing algorithms[Srikant and Agrawal, 1996] assume a
horizontaldatabase layout such as the one shown in Fig-
ure 1. In the horizontal format the database consists of
a set of customers (cid’s). Each customer has a set of
transactions (tid’s), along with the items contained in
the transaction. In contrast, we use avertical database
layout, where we associate with each itemX in the se-
quence lattice itsidlist, denotedL(X), which is a list of
all customer (cid) and transaction identifiers (tid) pairs
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containing the atom. The vertical idlist format, called
binary association table, has also been used in[Hol-
sheimeret al., 1996] for parallel data mining. Figure 2
B) shows the idlists for all the items.

Given the sequence idlists, we can determine the
support of anyk-sequence by simply intersecting the
idlists of any two of its(k � 1) length subsequences. In
particular, we use the two(k � 1) length subsequences
that share a common suffix (the generating sequences)
to compute the support of a newk length sequence. A
simple check on the cardinality of the resulting idlist
tells us whether the new sequence is frequent or not.
Figure 2 shows this process pictorially. It shows the
initial vertical database with the idlist for each item.
There are two kinds of intersections:temporal and
equality. For example, Figure 2 shows the idlist forA! B obtained by performing a temporal intersection
on the idlists ofA andB, i.e.,L(A ! B) = L(A) \tL(B). This is done by looking if, within the samecid,
A occurs before B, and listing all such occurrences. On
the other hand the idlist forAB ! B is obtained by
an equality intersection, i.e.,L(AB ! B) = L(A !B) \e L(B ! B). Here we check to see if the two
subsequences occur within the samecid at the same
time. Additional details can be found in[Zaki, 1998].

To use only a limited amount of main-memory
SPADE breaks up the sequence search space into
small, independent, manageable chunks which can be
processed in memory. This is accomplished via suffix-
based partition. We say that twok length sequences are
in the same equivalence class orpartition if they share
a commonk � 1 length suffix. The partitions, such asf[A℄; [B℄g, based on length 1 suffixes are calledparent
partitions. Each parent partition is independent in the
sense that it has complete information for generating
all frequent sequences that share the same suffix. For
example, if a class[X ℄ has the elementsY ! X ,
andZ ! X . The possible frequent sequences at the
next step areY ! Z ! X , Z ! Y ! X , and(Y Z) rightarrowX . No other itemQ can lead to a
frequent sequence with the suffixX , unless(QX) orQ! X is also in[X ℄.

SPADE recursively decomposes the sequences at
each new level into even smaller independent classes,
which produces a computation tree of independent
classes as shown in Figure 2B). This computation tree is
processed in a breadth-first manner within each parent
class. Figure 3 shows the pseudo-code for SPADE; we
refer the reader to[Zaki, 1998] for more details.

4 The Parallel pSPADE Algorithm
While parallel association mining has attracted wide
attention[Agrawal and Shafer, 1996, Zakiet al., 1997],

SPADE (min sup;D):C = f parent classesCi = [Xi℄g;
for eachCi 2 C do Enumerate-Frequent-Seq(Ci);

//PrevL is list of frequent classes from previous level
//NewL is list of new frequent classes for current level
Enumerate-Frequent-Seq(PrevL):

for (;PrevL 6= ;;PrevL = PrevL:next())NewL = NewL [ Get-New-Classes(PrevL:item());
if (NewL 6= ;) then Enumerate-Frequent-Seq(NewL);

Get-New-Classes(S):
for all atomsAi 2 S do

for all atomsAj 2 S, with j > i doR = Ai [ Aj ;L(R) = L(Ai) \ L(Aj);
if (�(R) � min sup) then Ci = Ci [ fRg;CList = CList [ Ci;

return CList;
Figure 3: SPADE pseudo-code

there has been relatively less work on parallel mining of
sequential patterns. Three distributed-memory parallel
algorithms based on GSP were presented in[Shintani
and Kitsuregawa, 1998]. pSPADE is the first algorithm
for shared-memory systems.

pSPADE is best understood by visualizing the com-
putation as a dynamically expanding irregular tree of in-
dependent suffix-based classes, as shown in Figure 4.
This tree represents the search space for the algorithm.
There are three independent suffix-based parent equiva-
lence classes. These are the only classes visible at the
beginning of computation. Since we have a shared-
memory machine, there is only one copy on disk of
the database in the vertical idlist format. It can be
accessed by any processor, via a local file descriptor.
Given that each class in the tree can be solved indepen-
dently the crucial issue is how to achieve a good load
balance, so that each processor gets an equal amount of
work. We would also like to maximize locality and min-
imize/eliminate cache contention.

There are two main paradigms that may be utilized
in the implementation of parallel sequence mining: a
data parallelapproach and atask parallelapproach. In
data parallelismP processors work on distinct portions
of the database, but synchronously process the global
computation tree. It essentially exploits intra-class
parallelism, i.e., the parallelism available within a class.
In task parallelism, the processors share the database,
but work on different classes in parallel, asynchronously
processing the computation tree. This scheme is thus
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Classes

based on inter-class parallelism.

4.0.1 Data Parallelism

For sequence mining, data parallelism can come in two
flavors. The first case corresponds toidlist parallelism,
in which we physically partition each idlist intoP
ranges over the customer sequenceids (for example,
processor 0 is responsible for theid range 0 � � � l,
processor 1 for rangel + 1 � � � 2l, and so on). Each
processor is responsible for1=P of the ids. The
other case corresponds tojoin parallelism, where each
processor picks a sequence and performs intersections
with the other sequences in the same class, generating
new classes for the next level.

Idlist Parallelism There are two ways of implement-
ing the idlist parallelism. In the first method each in-
tersection is performed in parallel among theP proces-
sors. Each processor performs the intersection over itsid range, and increments support in a shared variable.
A barrier synchronization must be performed to make
sure that all processors have finished their intersection
for the candidate. Finally, based on the support this
candidate may be discarded or added to the new class.
This scheme suffers from massive synchronization over-
heads. As we shall see in Section 5 for some values of
minimum support we performed around 0.6 million in-
tersections. This scheme will require as many barrier
synchronizations. The other method uses a level-wise
approach. In other words, at each new level of the com-
putation tree, each processor processes all the classes at
that level, performing intersections for each candidate,
but only over its local database portion. The local sup-
ports are stored in a local array to prevent false shar-
ing among processors. After a barrier synchronization
signals that all processors have finished processing the
current level, a sum-reduction is performed in parallel
to determine the global support of each candidate. The
frequent sequences are then retained for the next level,
and the same process is repeated for other levels until no
more frequent sequences are found.

We implemented the level-wise idlist parallelism and
found that it performed very poorly. In fact, we got a
speed-down as we increased the number of processors
(see Section 5). Even though we tried to minimize
the synchronization as much as possible, performance
was still unacceptable. Since a candidate’s memory
cannot be freed until the end of a level, the memory
consumption of this approach is extremely high. We
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were unable to run this algorithm for low values of
minimum support. Also, when the local memory is not
sufficient the Origin allocates remote memory for the
intermediate idlists, causing a performance hit due to
the NUMA architecture.

Join Parallelism In join parallelism each processor
performs intersections for different sequences within the
same class. Once the current class has been processed,
the processors must synchronize before moving on to
the next class. While we have not implemented this
approach, we believe that it will fare no better than
idlist parallelism. The reason is that it requires one
synchronization per class, which is better than the single
candidate idlist parallelism, but still much worse than
the level-wise idlist parallelism, since there can be many
classes.

4.0.2 Task Parallelism

In task parallelism all processors have access to the
entire database, but they work on separate classes. We
present a number of load balancing approaches starting
with a static load balancing scheme and moving on to a
more sophisticated dynamic load balancing strategy.

Static Load Balancing (SLB) Let C = fC1; C2; C3g
represent the set of the parent classes at level 1 as shown
in Figure 4. We need to schedule the classes among
the processors in a manner minimizing load imbalance.
In our approach an entire class is scheduled on one
processor. Load balancing is achieved by assigning a
weight to each equivalence class based on the number
of elements in the class. Since we have to consider
all pairs of items for the next iteration, we assign the
weight W1i = �jCij2 � to the classCi. Once the
weights are assigned we generate a schedule using a
greedy heuristic. We sort the classes on the weights (in
decreasing order), and assign each class in turn to the
least loaded processor, i.e., one having the least total
weight at that point. Ties are broken by selecting the
processor with the smaller identifier. We also studied
the effect of other heuristics for assigning class weights,
such asW2i = Pj jL(Aj)j for all itemsAj in the
classCi. This cost function gives each class a weight
proportional to the sum of the supports of all the items.
We also tried a cost function that combines the above
two, i.e., W3i = �jCij2 � � Pj jL(Aj)j. We did not
observe any significant benefit of one weight function
over the other, and decided to useW1.

Figure 5 shows the pseudo-code for the SLB algo-
rithm. We schedule the classes on different processors
based on the class weights. Once the classes have been

scheduled, the computation proceeds in a purely asyn-
chronous manner since there is never any need to syn-
chronize or share information among the processors. If
we applyW1 to the class tree shown in Figure 4, we getW11 = W12 = W13 = 3. Using the greedy schedul-
ing scheme on two processors,P0 gets the classesC1
andC3, andP1 gets the classC2. We immediately see
that SLB suffers from load imbalance, since after pro-
cessingC1, P0 will be busy working onC3, while after
processingC2, P1 has no more work. The main problem
with SLB is that, given the irregular nature of the com-
putation tree there is no way of accurately determining
the amount of work per class statically.

Inter-Class Dynamic Load Balancing (CDLB) To
get better load balancing we utilize inter-class dynamic
load balancing. Instead of a static or fixed class
assignment of SLB, we would like each processor to
dynamically pick a new class to work on from the list of
classes not yet processed. We also make use of the class
weights in the CDLB approach. First, we sort the parent
classes in decreasing order of their weight. This forms a
logical central task queue of independent classes. Each
processor atomically grabs one class from this logical
queue. It processes the class completely and then grabs
the next available class. Note that each class usually
has a non-trivial amount of work, so that we don’t have
to worry too much about contention among processors
to acquire new tasks. Since classes are sorted on their
weights, processors first work on large classes before
tackling smaller ones, which helps to achieve a greater
degree of load balance. The pseudo-code for CDLB
algorithm appears in Figure 5. Thecompare-and-swap
(CAS) is an atomic primitive on the Origin. It compareslassid with i. If they are equal it replaceslassid withi+1, returning a 1, else it returns a 0. CAS ensures that
processors acquire separate classes.

If we apply CDLB to our example computation tree
in Figure 4, we might expect a scenario as follows: In
the beginningP1 grabsC1, andP0 acquiresC2. SinceC2 has less work,P0 will grab the next classC3 and
work on it. ThenP1 becomes free and finds that there is
no more work, whileP0 is still busy. For this example,
CDLB did not buy us anything over SLB. However,
when we have a large number of parent classes CDLB
has a clear advantage over SLB, since a processor grabs
a new class only when it has processed its current class.
This way only the free processors will acquire new
classes, while others continue to process their current
class, delivering good processor utilization. We shall
see in Section 5 that CDLB can provide up to 40%
improvement over SLB. We should reiterate that the
processing of classes is still asynchronous. For both
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SLB (min sup;D):C = f parent classesCi = [Xi℄g;
Sort-on-Weight(C);
for all Ci 2 C doPj = Proc-with-Min-Weight();SPj = SPj [ Ci;
parallel for all Ci 2 SPj do

Enumerate-Frequent-Seq(Ci);
CDLB (min sup;D):C = f parent classesCi = [Xi℄g;

Sort-on-Weight(C);

shared int classid=0;
parallel for (i = 0; i < jCj; i++)

if (compareand swap(lassid; i; i+ 1))
Enumerate-Frequent-Seq(Ci);

Figure 5: The SLB (Static Load Balancing) and CDLB (Dynamic Load Balancing) Algorithms

SLB and CDLB, false sharing doesn’t arise, and all
work is performed on local memory, resulting in good
locality.

Recursive Dynamic Load Balancing (RDLB) While
CDLB improves over SLB by exploiting dynamic load
balancing, it does so only at the inter-class level, which
may be too coarse-grained to achieve a good workload
balance. RDLB addresses this by exploiting both inter-
class and intra-class parallelism. To see where the
intra-class parallelism can be exploited, lets examine the
behavior of CDLB. As long as there are more parent
classes remaining, each processor acquires a new class
and processes it completely. If there are no more parent
classes left, the free processors are forced to idle. The
worst case happens whenP � 1 processors are free
and only one is busy, especially if the last class has a
deep computation tree (although we try to prevent this
case from happening by sorting the classes, so that the
smaller ones are at the end, it can still happen). We can
fix this problem if we can provide a mechanism for the
free processors to join the busy ones. We accomplish
this by recursively applying the CDLB strategy at each
new level, but only if there is some free processor
waiting for more work. Since each class is independent,
we can treat each class at the new level in the same way
we treated the parent classes, so that different processors
can work on different classes that the new level.

Figure 6 shows the pseudo-code for the pSPADE al-
gorithm, which uses a recursive dynamic load balancing
(RDLB) scheme. We start with the parent classes and in-
sert them in the global class list,GlobalQ. A processor
atomically acquires classes from this list until all parent
classes have been taken. At that point the processor in-
crementsFreeCnt, and waits for more work. When a
processor is processing the classes at some level, it pe-
riodically checks if there is any free processor. If so,
it inserts the remaining classes at that level (PrevL)
in GlobalQ, emptyingPrevL in the process, and setsGlobalF lg. This processor then quits the loop on line
16, and continues working on the new classes (NewL)

1. shared int FreeCnt = 0; //Number of free processors
2. shared int GlobalF lg = 0; //Is there more work?
3. shared list GlobalQ; //Global list of classes

pSPADE (min sup;D):
4. GlobalQ = C = f parent classesCi = [Xi℄g;
5. Sort-on-Weight(C);
6. Process-GlobalQ();
7. FreeCnt ++;
8. while (FreeCnt 6= P )
9. if (GlobalF lg) then
10. FreeCnt ��; Process-GlobalQ(); FreeCnt+ +;
Process-GlobalQ():
11. shared int lassid = 0;
12. parallel for (i = 0; i < GlobalQ:size(); i ++)
13. if (compareand swap(lassid; i; i+ 1))
14. RDLB-Enumerate-Frequent-Seq(Ci);
15. GlobalF lg = 0;
RDLB-Enumerate-Frequent-Seq(PrevL):
16. for (;PrevL 6= ;;PrevL = PrevL:next())
17. if (FreeCnt > 0) then
18. Add-to-GlobalQ(PrevL:next()); GlobalF lg = 1;
19. NewL = NewL [ Get-New-Classes(PrevL:item());
20. if (NewL 6= ;) then RDLB-Enumerate-Frequent-Seq(NewL);

Figure 6: The pSPADE Algorithm (using RDLB)

generated before a free processor was detected. When a
waiting processor sees that there is more work, it starts
working on the classes inGlobalQ. When there is no
more work,FreeCnt equals the number of processorsP , and the computation stops.

Let’s illustrate the above algorithm by looking at the
computation tree in Figure 4. The nodes are marked
by the processors that work on them. First, at the
parent class level,P0 acquiresC1, and P1 acquiresC2. SinceC2 is smaller,P1 grabs classC3, and starts
processing it. It generates three new classes at the next
level,NewL = fX1; X2; X3g, which becomesPrevL
when P1 start the next level. Let’s assume thatP1
finishes processingX1, and inserts classesZ1; Z2 in
the newNewL. In the meantime,P0 becomes free.
Before processingX2, P1 notices in line 17, that there
is a free processor. At this pointP1 insertsX3 inGlobalQ, and emptiesPrevL. It then continues to
work onX2, insertingY1; Y2; Y3 in NewL. P0 sees the
new insertion inGlobalQ and start working onX3 in
its entirety. P0 meanwhile starts processing the next
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Dataset C T S I D Size MinSup
C10T5S4I1.25D1M 10 5 4 1.25 1M 320MB 0.25%
C10T5S4I2.5D1M 10 5 4 2.5 1M 320MB 0.33%
C20T2.5S4I1.25D1M 20 2.5 4 1.25 1M 440MB 0.25%
C20T2.5S4I2.5D1M 20 2.5 4 2.5 1M 440MB 0.25%
C20T5S8I1.25D1M 20 5 8 1.25 1M 640MB 0.33%
C20T5S8I2D1M 20 5 8 2 1M 640MB 0.5%
C5T2.5S4I1.25DxM 5 2.5 4 1.25 1M-10M 110MB-1.1GB 0.25%-0.01%

Table 1: Synthetic Datasets

level classes,fZ1; Z2; Y1; Y2; Y3g. If at any stage it
detects a free processor, it will repeat the procedure
described above recursively. Figure 4 shows a possible
execution sequence for the classC3. The RDLB scheme
of pSPADE preserves the good features of CDLB, i.e., it
dynamically schedules entire parent classes on separate
processors, for which the work is purely local, requiring
no synchronization. So far only inter-class parallelism
has been exploited. Intra-class parallelism is required
only for a few (hopefully) small classes towards the
end of the computation. We simply treat these as new
parent classes, and schedule each class on a separate
processor. Again no synchronization is required except
for insertions and deletions fromGlobalQ. In summary,
computation is kept local to the extent possible, and
synchronization is done only if a load imbalance is
detected.

5 Experimental Results

Experiments were performed on a 12 processor SGI Ori-
gin 2000 machine at RPI, with 195 MHz R10000 MIPS
processors, 4MB of secondary cache per processor, 2GB
of main memory, and running IRIX 6.5. The databases
we stored on an attached 7GB disk, and all I/O is serial.
Further, there were only 8 free processors available to
us.

Synthetic Datasets We used the publicly available
dataset generation code from the IBM Quest data
mining project [IBM, ]. These datasets mimic real-
world transactions, where people buy a sequence of
sets of items. Some customers may buy only some
items from the sequences, or they may buy items from
multiple sequences. The customer sequence size and
transaction size are clustered around a mean and a
few of them may have many elements. The datasets
are generated using the following process. FirstNI
maximal itemsets of average sizeI are generated by
choosing fromN items. ThenNS maximal sequences
of average sizeS are created by assigning itemsets from

NI to each sequence. Next a customer of averageC transactions is created, and sequences inNS are
assigned to different customer elements, respecting the
average transaction size ofT . The generation stops
whenD customers have been generated. We setNS =5000,NI = 25000 andN = 10000. Table 1 shows the
datasets with their parameter settings.

Parallel Performance In [Zaki, 1998] SPADE was
shown to outperform GSP, thus we chose not to par-
allelize GSP for comparison against pSPADE. As we
mentioned in Section 4.0.1, the level-wise idlist data
parallel algorithm performs very poorly, resulting in a
speed-down with more processors. Results on 1, 2, and
4 processors shown in Figure 7 confirm this.

We now look at the parallel performance of pSPADE.
Figure 8 shows the total execution time and the speedup
charts for each database on the minimum support values
shown in Table 1. We obtain near perfect speedup for
2 processors, ranging as high as 1.92. On 4 processors,
we obtained a maximum of 3.5, and on 8 processors the
maximum was 5.4. As these charts indicate, pSPADE
achieves good speedup performance. Finally, we study
the effect of dynamic load balancing on the parallel
performance. Figure 7 shows the performance of
pSPADE using 8 processors on the different databases
under static load balancing (SLB), inter-class dynamic
load balancing (CDLB), and the recursive dynamic
load balancing (RDLB). We find that CDLB delivers
more than 22% improvement over SLB in most cases,
and ranges from 7.5% to 38% improvement. RDLB
delivers an additional 10% improvement over CDLB
in most cases, ranging from 2% to 12%. The overall
improvement of using RDLB over SLB ranges from
16% to as high as 44%. Thus our load balancing scheme
is extremely effective.

Scaleup Results Figure 9 shows how pSPADE scales
up as the number of customers is increased ten-fold,
from 1 million to 10 million (the number of transactions
is increased from 5 million to 50 million, respectively).
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Figure 7: A) Level-Wise Idlist Data Parallelism, B) Effect of Load Balancing
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The database size goes from 110MB to 1.1GB. All
the experiments were performed on the C5T2.5S4I1.25
dataset with a minimum support of 0.025%. Both
the total execution time and the normalized time (with
respect to 1M) are shown. It can be seen that while the
number of customers increases ten-fold, the execution
time goes up by a factor of less than 4.5, displaying sub-
linear scaleup.

Finally, we study the effect of changing minimum
support on the parallel performance, shown in Figure 10.
We used 8 processors on C5T2.5S4I1.25D1M dataset.
The minimum support was varied from a high of 0.25%
to a low of 0.01%. Figure 10 also shows the number
of frequent sequences discovered and the number of
joins performed (candidate sequences) at the different
minimum support levels. Running time goes from 6.8s
at 0.1% support to 88s at 0.01% support, a time ratio
of 1:13 vs. a support ratio of 1:10. At the same time
the number of frequent sequences goes from 15454 to
365132 (1:24), and the number of joins from 22973
to 653596 (1:29). The number of frequent/candidate
sequences are not linear with respect to the minimum
support.

6 Conclusions

In this paper we presented pSPADE, a new parallel al-
gorithm for fast mining of sequential patterns in large
databases. We carefully considered the various paral-
lel design alternatives before choosing the best strategy
for pSPADE. These included data parallel approaches
like idlist parallelism (single vs. level-wise) and join
parallelism. In the task parallel approach we consid-
ered different load balancing schemes such as static,
dynamic and recursive dynamic. We adopted the re-
cursive dynamic load balancing scheme for pSPADE,
which was designed to maximize data locality and min-
imize synchronization, by allowing each processor to
work on disjoint classes. It also has no false sharing. Fi-
nally, the scheme minimizes load imbalance by exploit-
ing both inter-class and intra-class parallelism. Experi-
ments conducted on the SGI Origin CC-NUMA shared
memory system show that pSPADE has good speedup
and scaleup properties.
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Today’s data mining tools are usually stand along applications that can be used
effectively by experts to mine small to moderate amounts of data that is centrally
warehoused. The challenges to the data mining community are: 1) to simplify data
mining so that it is accessible to non−experts, 2) to scale data mining to large data sets, 3)
to scale data mining to data that is widely distributed, and 4) to incorporate data mining
into applications, especially decision support applications.

There are three trends that make solving these challenges tractable. First,hardware costs
have dropped: workstations and workstation clusters now offer powerful cpus and i/o
systems suitable for mining Gigabyte size datasets. Second, high performance networks
over a hundred times faster than traditional ethernet are now common in labs and across
campuses and with the Next Generation Internet (NGI) are beginning to connect
distributed sites. Third, the web is becoming powerful enough that not only can it provide
an appropriate infrastructure for viewing distributed multimedia documents but also for
analyzing distributed data. 

Large−scale data sets are usually logically and physically distributed, andorganizations
that are geographically distributed need a de−centralized approach to decision support.
With the newly available NGI infrastructure and technology, it is feasible forthe first
time to build up a global knowledge network as an open environment for distributed data
mining services. Such an environment will have significant applications in many areas
such as scientific knowledge discovery and e−commerce. Moreover, it can be usedto
mine data generated by embedded, mobile and ubiquitous computing devices. We call
such an open knowledge network for managing, mining and modeling large, massive and
distributed data sets across WANs a Wide Area Distributed Data Mining System
(WADDMS). 

In this talk, we will present our joint research on developing technologies and
infrastructures for building wide area distributed data mining systems. We will address
important issues such as strategies for data and model partitioning, model integration and



multi−table mining. Also we will survey the new network computing technology
enabling the wide area data mining. We will also present research on designing protocols
for wide area distributed data mining. 

As a concrete example, the Terabyte Challenge 2000 Testbed (www.ncdm.uic.edu) will
be presented. This is an open, distributed testbed for experimental studies and
demonstrations involving data mining, predictive modeling and data intensive computing.
The testbed consists of high performance computers and high performance workstation
clusters in a dozen cities, including four international sites. Several of thesites are
connected by an OC−3 network. The testbed employs a common software
infrastructure and is one of the first examples of a global knowledge network.



E�cient Parallel Classi�cation Using Dimensional AggregatesSanjay Goil Alok ChoudharyDepartment of Electrical & Computer EngineeringNorthwestern University,Technological Institute,2145 Sheridan Road, Evanston, IL-60208fsgoil,choudharg@ece.nwu.edu
AbstractMultidimensional aggregates are frequently computed toimprove query performance in Online Analytical Processingapplications. We present a new method for decision treebased classi�cation trees using the aggregates computed inthe multidimensional data model. The structure imposedon data in a explicit multidimensional storage mechanismleads to e�cient dimensional operations. Decision treebased classi�cation algorithms perform computations to �ndthe best split point at each node of the tree. E�cientcomputation of the split in the decision tree can be doneby using the one-dimensional aggregates if the cell valuesare the class-id values, and counts are maintained for eachclass. This is used repeatedly at the nodes of the decisiontree to calculate splits and manage data. Previous parallelapproaches for decision-tree based classi�cation use sortedattribute lists and hash tables to compute the split pointand split the data appropriately. The amount of datacommunicated is proportional to the product of number ofrecords in the training set, and the number of dimensions, ateach level of the tree, in the worst case. Parallel formulationof our approach uses data communication proportional tothe product of the sum of cardinality of all dimensions andthe number of non-classi�ed nodes at each level of the tree.Communication volume is greatly reduced in our approachand is done in one phase of communication at each level ofthe tree, by coalescing messages. Preliminary results fromour experiments on a coarse-grained, distributed memoryparallel machine (IBM-SP2) show good performance.

1 IntroductionClassi�cation of large data sets has received consider-able attention in the data mining literature recently.The objective of classi�cation is to build a model of theclassifying attribute based upon the other attributesof the record. A set of sample records called thetraining data set is given, consisting of several at-tributes. Attributes can either be continuous, if theycome from an ordered domain, or categorical, if theyare from an unordered domain. One of the attributesis the classifying attribute that indicates the class towhich the record belongs. Several classi�cation mod-els have been used in the past, notably neural net-works [Michie et al., 1994], genetic algorithms [Gold-berg, 1989], and decision trees [Breiman et al., 1984,Quinlan, 1993]. Among these models, the decision treemodels are considered to be the most useful in the do-main of data mining because they are relatively inex-pensive to construct, easy to interpret and easy to in-tegrate with data base systems. Also, for a variety ofproblem domains they yield comparable or better ac-curacy as compared to the other models [Michie et al.,1994].A decision tree recursively partitions the trainingset until each partition consists entirely or dominantlyrecords from one class. Each non-leaf node of the treecontains a split point which is a test on an attributeand determines how the data is partitioned. Once thedecision tree is built from the training set it can beused to classify future instances. The decision-treebased classi�ers that can handle large data sets areimportant because use of larger data sets improves theclassi�cation accuracy [Michie et al., 1994].Previous work in classifying large data sets has beento use sampled data sets or multiple partitions of thedata set [Michie et al., 1994, Chan and Stolfo, 1993].Recent work has focused on using the entire data set, inclassi�ers like SLIQ [Mehta et al., 1996] and SPRINT[Shafer et al., 1996]. A parallel classi�er in the samespirit has been developed in ScalParC [Joshi et al.,1998]. Classi�ers like CART [Breiman et al., 1984]and C4.5 [Quinlan, 1993] perform sorting at every nodeof the decision tree, which makes them expensive forlarge data sets since disk-based sorting is required at
1



each node. The approach of SPRINT, SLIQ is to sortthe continuous attribute once in the beginning andmaintain the sorted order in the subsequent splittingsteps. Separate lists are kept for each attribute whichmaintains a record identi�er for each sorted value. Inthe splitting phase the same records need to be assignedto a node, which may be in a di�erent order in thedi�erent attribute lists. A hash table is used to providea mapping between record identi�ers and the nodeto which it belongs after the split. This mapping isthen probed to split the attribute lists in a consistentmanner. A framework for instantiating several of thesealgorithms is presented in [Gehrke et al., 1998], whichuses attribute value and class-label pairs (AVC-sets) tomake the splitting criteria decision. It is also a greedytop-down approach as the others, except that it workson the AVC-sets at each node of the decision tree. Thisallows it to use memory more e�ciently and performmuch better than the attribute-list approaches.Table 1: Training set dataRow-id Age Car-Color Gender Class-id0 10 Green F 01 50 Blue M 12 40 Yellow F 03 30 Green F 04 20 Red M 15 40 Blue M 06 20 Yellow M 1Table 1 is an example training set with threeattributes, Age, Car color and Gender, and a classattribute. Age is a continuous attribute, whereas bothCar color and Gender are categorical attribute. Fora categorical attribute having c distinct classes it isassumed that the splitting decision forms c partitions,one for each of its values. Figure 1(a) shows theclassi�cation tree for it. At each node the attribute tosplit is chosen that best divides the training set. Severalsplitting criteria have been used in the past to evaluatethe goodness of a split. Calculating the gini index iscommonly used [Breiman et al., 1984]. This involvescomputing the frequency of records of each class in eachof the partitions. If a parent node having n recordsand c possible classes is split into p partitions, the giniindex of the ith partition is ginii = 1�Pcj=1(nij=ni)2,where ni is the total number of records in partition i,of which nij records belong to class j. The gini index ofthe total split is given by ginisplit =Ppi=1(ni=n)ginii.The attribute with the least value of ginisplit is chosento split the records at that node. The matrix nij iscalled the count matrix. The count matrix needs to becalculated for each evaluated split point for a continuousattribute.Categorical attributes have only one count matrixassociated with them, hence computation of the giniindex is straightforward. For the continuous attributes

an appropriate splitting value has to be determinedby calculating the ginisplit and choosing the one withthe minimum value. If the attribute is sorted then alinear search can be made for the optimal split pointby evaluating the gini index at each attribute value.The count matrix is calculated at each possible splitpoint to evaluate the ginisplit value. The gini indexcalculations and the node splits for the example aboveare given in Figure 2. At Node 0, the attribute Genderyields the optimal ginisplit value of 0:214. This createsa split with one partition with M values for gender andanother with F values. After this split is made, twochild nodes are created. The record values need to bepartitioned consistently between the two nodes for thesplit-attribute and the non-split attributes. Splitting thesplit-attribute is straightforward by adjusting pointervalues. The challenge is to split the non-split attributese�ciently. Existing implementations such as SPRINTand ScalParC maintain a mapping of the row-id andclass-id with the values assigned to each node. Thevalues are split physically among nodes, such thatthe continuous attribute maintain their sorted order ineach node to facilitate the sequential scan for the nextsplit determination phase. A hash list maintains themapping of record ids to nodes. The record ids in thelists for non-splitting attributes are searched to get thenode information, and perform the correct split.2 Proposed Classi�cation usingMultidimensional AggregatesMultidimensional analysis, OLAP queries and associ-ation rule mining are performed e�ciently using thematerialized aggregates in the data cube. A multidi-mensional chunk based infrastructure for OLAP andmultidimensional analysis for high dimensional data isdeveloped in [Goil and Choudhary, 1998], which opti-mizes the building of the data cube operator [Gray etal., 1996]. In this model an attribute is treated as a di-mension, and records are points in a multidimensionalspace. Dimensional operations can be performed moree�ciently in such a model since a structure is imposedin the storage of data. Multidimensional arrays are themost intuitive and simple structures for this. However,data sets with large dimension cardinalities and a highnumber of dimensions cannot be handled using arrays.Also, most data sets are sparse and multidimensionalarrays lead to redundant storage in such a scenario. Wehave used a chunk based implementation to sparse datain a bit-encoded sparse structure (BESS) which encodesthe indices of the element in a chunk. Dimensional oper-ations are e�ciently performed on compressed chunks,which allow a large number of dimensions to be used.We propose that classi�cation trees can be built usingstructure imposed on data using the multidimensionaldata model. Gini index calculation relies on the count
2
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the count matrix. Gini index calculation is done on anattribute list which in the case of a multidimensionalmodel is a dimension. Count matrix is repeatedlycalculated on the sorted attribute list which is readilyavailable in the cube structure as a higher level onedimensional aggregate. Each dimension is sorted in thedimensional structure as shown in Figure 3(b).Figure 4 illustrates the classi�cation tree buildingprocess using the multidimensional model and theaggregates maintained at the highest level of the cubestructure, one for each dimension.The challenge is to calculate the one dimensionalaggregates e�ciently and keep them updated to reectthe partitions after each split. The simple method ofcomputing each level 1 aggregate is to do so from basedata. Some alternative strategies that enumerate someintermediate values to optimize the computation of theone-dimensional aggregates have been described in [Goiland Choudhary, 1999].3 Related WorkIn this section we will briey discuss the previouse�orts in parallel classi�cation [Fi�eld, 1992, Shafer etal., 1996, Joshi et al., 1998] on distributed memorymachines, signi�cant of which are parallel SPRINT[Shafer et al., 1996] and ScalParC [Joshi et al., 1998]since they do not require resorting at each node.Classi�cation on �ne-grained shared memory machines
3
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Figure 4: Gini index calculation for the attributes and node splitting with multidimensional aggregateshas addressed in [Zaki et al., 1999]. The issuesinvolved on such architectures are much di�erent thandistributed memory machines and hence we do notdiscuss that work in this paper.Parallelization of tree methods, especially multidi-mensional binary search trees (k-d trees), quadtrees andoctrees for hierarchical methods have received consider-able attention in the areas of scienti�c processing [Al-furaih et al., 1996]. Classi�cation trees fall under a sim-ilar paradigm.The parallel version of SPRINT partitions eachattribute list by sorting each one using a parallel sortwith probabilistic splitting. This gives approximatelyequal sections to each processor of each sorted attributelist. Split points are found by �rst doing a pre�xsum operation for the count of values below and abovethe �rst split point on each processor followed bybuilding the count matrices locally on each processor.After calculating the gini index locally, the processorscommunicate to determine which split point has thelowest value. Since there is only one count matrix forcategorical attributes, they are constructed locally andone processor collects the global count and calculatesthe gini values.

Each processor splits its splitting attribute list locally.rids are collected from all processors to build the hashtable on each processor. The non-splitting attributelists then probe this table with rids to determine thesplit locally. This has a space complexity of O(N) andmakes it unscalable in memory requirements. ScalParCon the other hand maintains a distributed hash tablefor the splitting phase which has a space complexityof O(N=P ). However, the splitting phase is slightlydi�erent in their case. A distributed hash table, calledthe node table is maintained by hashing a rid witha hash function h(rid) = (p = rid div N=P; l =rid mod N=P ), where the �rst �eld is the processornumber and the second is the local index on thatprocessor. After the splitting decision, each processoruses the rids of the split attribute to construct hashbu�ers with (l; child) entry destined for all processorsp calculated by the hash function. An all-to-allpersonalized communication phase exchanges these toupdate the distributed node table. For each non-splitattribute list, the distributed node table is queried by�lling out a communication bu�er with rids (enquirybu�er) and sending it to the processor p which then�lls it with the child label and sends it back. Two all-
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to-all personalized communication phases are neededto achieve this.The size of the node table at each level is usuallyof size O(N=P ). Also, each processor sends O(N=P )elements from each of the non-splitting attribute list.However, there are cases when a processor has to hashall global rids at some level and the other processorsneed to send O(N) elements to be queried by the nodetable on a single processor [Joshi et al., 1998]. Hence,the worst case complexity is O(N).4 Parallel Classi�cation usingMultidimensional AggregatesParallel classi�cation on the multidimensional cube issimilar to the sequential classi�cation algorithm, exceptthe fact that each processor calculates the aggregateslocally and then needs to update counts for each parti-tioned dimension from other processors. This is done bya communication phase which calculates a pre�x sumon the �rst split point for continuous attributes sinceeach split point is evaluated by computing the ginisplit.For categorical attributes, however, a processor can sumthe counts for a value of the categorical dimension andcalculate the gini index. Note that separate processorscan compute the gini value for a categorical attribute.4.1 Dimension partitioning and gini indexcalculationFigure 5 shows a one dimensional partitioning of themultidimensional base cube and the associated localaggregate calculations. Each processor builds theaggregate locally and for each continuous attributedetermines the gini index for the values that lie inits partition. For non-distributed dimensions, eachprocessor locally calculates the aggregates and thendoes a reduce all (sum) on the aggregates for eachsuch dimension. Each processor then works on a partof the aggregate list to calculate the gini index values.This results in computation being partitioned betweenprocessors. If the size of the dimension i is di, theneach processor Pj ; 0 � j < P , calculates the giniindex from (di=P )Pj to (di=P )Pj+1 for each dimension.For categorical attributes also the computation can bedistributed similarly if a reduce all is performed onthe aggregated dimensions. Otherwise a reduce (sum)operation gets the aggregates on a single processorwhich does the calculation. Since dimensions withcategorical attributes are usually small we use the latterapproach.Another alternative is to perform a two dimensionalpartitioning by selecting the two largest dimensionsand partitioning the multidimensional base cube ona 2-dimensional processor grid as shown in Figure 5.This may provide better load balancing in some cases.The communication pattern for the two distributed

dimension changes but remains the same for the rest.The non-distributed dimensions get the aggregateslocally and do a reduce all (sum) to sum eachdimensional aggregate independently on each processor.Each processor then works at calculating the giniindex in contiguous portions as in the one-dimensionalpartitioning case. For the distributed dimension A inthe �gure the reduce for the dimension on processor Pjis done on processor (Pj=PY )PY , where P the numberof processors is divided into a two dimensional grid inthe dimensions X and Y as PX � PY . The processorsP0 + i � PY ; i = 0; : : : PX then calculate the local sumsof class ids and need a pre�x sum to get the valuesupdated across processor boundaries with the numberabove and below in each class. Each of these processorsthen calculates the gini index for the local dimensionvalues.Similarly, for dimension B a reduce operation isdone on processor Pj%PY and again a pre�x sum isdone between processors P0+i; i = 0; : : : PY to calculatethe gini index locally.4.2 Node splitsOnce the ginisplit is calculated for all attributes (di-mensions), each processor picks out the minimum andthe attribute it is related to. A Reduce (minimum)gets the minimum and the attribute which is the splitattribute. Each processor then partitions the split at-tribute locally. Each processor maintains a mapping ofdimension indices to the node they belong to, as theyare split. In other words, a global tree representation ispresent on each node. Each node keeps the dimensionalboundaries of the dimensions split, de�ning a hyper-cube the node encapsulates. The aggregates are thencalculated within the node boundaries. The communi-cation required is for each dimension, but now there aremultiple count values, one for each active node whichhas not yet been classi�ed.Let na be the number of attributes (dimensions)divided into nd, the set of distributed dimensions andnu, the set of non-distributed dimensions. For non-distributed dimensions these need to be aggregatedusing a Reduce (sum) on all processors to distributethe computation of the gini index calculation. Theamount of data communicated at a level k of theclassi�cation tree is O(N kn jDuj), where N kn is thenumber of active nodes at a level k, and jDuj is thesum of dimension sizes of dimensions di 2 nu. For adistributed dimension a local aggregation is done foreach dimension for each node and then a Parallelpre�x (sum) is done. The data communicated forthis operation at level k is O(N knnd). The total datacommunicated at level k of the classi�cation tree is thenO(N kn (jDuj + nd)) = O(N kn jDaj), jDaj = jDuj + jDdj,because the number of split dimensions is usually one or
5
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P2P0Figure 5: One and two dimensional partitioning of dimensionstwo. This is the case for our implementation where theoptimization of message-coalescing, reduces the numberof communication messages by combining the messagesas one bu�er.For the scalable record based classi�cation algorithm(ScalParC) the complexity of communication at eachlevel is O(na NP ) at each level and O(naN) in the worstcase, whereN is the size of the training set. The numberof active nodes at any level is much smaller than the sizeof the training set. Also, the sum of dimension sizes,jDaj, is also much smaller when compared to N . Thus,N kn � jDaj < N , for a large N . This makes the overallcommunication requirement of our multidimensionalclassi�cation algorithm better. Computation of the 1-D aggregates and the gini index calculations has thetime complexity O(NP +NnDa) in our method, whereasScalParc requires O(NP na), to compute the gini indicesand O(Nna) in the worst case.A broadcast of the pre�x sum from the lastprocessor is followed by the local calculation of thegini index and a Reduce (minimum) for the ginivalue which determines the attribute used for the split.Notice that for a non-distributed categorical attributeB the calculation is distributed across processors byletting each processor work on a section since allinformation is available on each processor as a resultof the reduce. Suppose the ginisplit results in selectingA = 25 as the split point in the example.Figure 6 shows the split at each processor into Land R nodes labeled 00 and 01 respectively. Thecounts of each dimension are done for each node oneach processor. The steps for parallel gini indexcalculations are done for each node on every processor.Communication can be concatenated for the nodes ateach level following the idea of concatenated parallelismin [Al-furaih et al., 1996] for each active node.

4.3 Communication OptimizationsOnly one collective communication operation is per-formed for all nodes at each level. This is due to thefact that information that needs to be communicatedfor all nodes is stored contiguously. Each node has thecounts of class id. values for each dimension. This iscombined using a Reduce (sum) operation across allnodes as described in a previous section. The countmatrices for each dimension are allocated contiguouslyfor each active node as shown in Figure 7. Each nodeallocates memory for each dimension, di, for each class.At each level only the unclassi�ed nodes (active nodes)are represented and need to participate. Algorithm 1describes the steps of the overall parallel algorithm forclassi�cation.5 Performance ResultsWe use the synthetic data generator introduced byAgrawal et al. in [Agrawal et al., 1993]. It is a widelyused synthetic set used by many others, primarilybecause there are no large real data sets available.The synthetic set has nine attributes as shown inTable 2. U(x : y) denotes the integer uniformdistribution with values v : x � v � y. The data set canbe generated with di�erent classi�cation functions thatassign labels to the records produced. We use Function1, which is the default, for our performance study. Wehave used various subsets of the data to evaluate theperformance of our algorithm, varying the number ofdimensions, the number of records and the classi�cationthreshold. We observe good speedup and scale-upperformance for our experiments performed mainly ona 16 node IBM SP2 with thin nodes (120Mhz processor)running AIX and having 128 MB main memory perprocessor. We present a subset of our preliminaryresults in this section to illustrate performance. Moreresults will be given in the �nal version of the paper.Figure 8(a),(b) shows the time for classifying 1million and 5 million records with 8 dimension (again
6
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Table 2: The sizes of the dimensions in data set usedPredictor Attribute Distribution Max. number of entriesSalary U(20K; 150K) 131Commission 0, if(salary > 75K) else U(10K; 75K) 66Age U(20; 80) 61Education U(0; 4) 5Car U(1; 20) 20Zip Code U(nine zip codes) 9House Value U(0:5� k � 100K; 1:5� k � 100K)k depends on ZipCode 1351Home Years U(0; 30) 31Loan U(0; 500K) 501without Loan attribute) and classi�cation thresholdvalue set to T = 0.8. The 5 million records dataset is We observe that most of the time is taken forthe 1 dimensional aggregate calculations and the ginicomputations, a small fraction taken by communicationand maintenance of the classi�cation tree.Figure 8(c) shows the classi�cation performancefor a 9 dimensional data set with 1 million records.The major component of the computation is the 1-dimensional aggregate calculations for all nodes. Thisis the parallel component and we see good speedupas the number of processors is increased. The otherphases of communication and gini index calculationsas shown in the �gure are small portions of the entiretime. Communication increases slightly as number ofprocessors increase, due to the increase in p term inthe complexity of the Reduce global communicationoperation. We are currently running experiments withlarger data sets and will include the results in the �nalversion.6 ConclusionsIn this paper classi�cation using decision trees is per-formed on an explicit multi-dimensional storage scheme.The split point for a node in the classi�cation tree ischosen after computing the counts of records belong-ing to each class for each attribute value, in each di-mension. A multidimensional representation make a 1-dimensional computation for each dimension from thebase cube very e�cient. A parallel framework is usedto parallelize this calculation, and one round of com-munication is required at each level of the tree by con-catenating (coalescing) communication for each nodetogether. Results on a synthetic benchmark [Agrawalet al., 1993], widely used for classi�cation algorithmsperformance, shows good parallel performance.7 AcnowledgementsThis work was supported in part by NSF Young Inves-tigator Award CCR-9357840 and NSF CCR-9509143.

References[Agrawal et al., 1993] R. Agrawal, T. Imielinski, andA. Swami. Database mining: A performance per-spective. IEEE Transactions on Knowledge and DataEngineering, December 1993.[Al-furaih et al., 1996] I. Al-furaih, S. Aluru, S. Goil,and S. Ranka. Parallel construction of multidimen-sional binary search trees. In Proc. InternationalConference on Supercomputing, May 1996.[Breiman et al., 1984] L. Breiman, J.H Friedman, R.AOlshen, and C.J Stone. Classi�cation and RegressionTrees. Wadsworth, Belmont, 1984.[Chan and Stolfo, 1993] P.K Chan and S.J Stolfo.Meta-learning for multistrategy and parallel learn-ing. In Proc. International Workshop on Multistrat-egy Learning, 1993.[Fi�eld, 1992] D.J Fi�eld. Distributed Tree construc-tion from large data sets. Bachelor's Honors Thesis,Australian National University, 1992.[Gehrke et al., 1998] J. Gehrke, R. Ramakrishnan, andV. Ganti. RainForest - A Framework for FastDecision Tree Construction of Large Data Sets. InProc. 24th International Conference on Very LargeDatabases, 1998.[Goil and Choudhary, 1998] S. Goil and A. Choudhary.High performance multidimensional analysis anddata mining. In Proc. SC98: High PerformanceNetworking and Computing Conference, November1998.[Goil and Choudhary, 1999] S. Goil and A. Choudhary.Parallel classi�cation using the multidimensionaldata model (under preparation). Technical ReportCPDC-9904-006, Northwestern University, January1999.[Goldberg, 1989] D.E Goldberg. Genetic Algorithms inSearch, Optimization and Machine Learning. MorganKaufmann, 1989.
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attr. 2
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Sorted on Attr. #1

name
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Sorted on Attr. #2

name

A

F

C

E

B

D

attr. 2

1

1

2

2

3

4

class

C1

C2

C1

C2

C1

C2

Processor 1 gets examples BCD
and produces the rules:

if attr 1 > 2 then C1.
if attr 1 <= 2 then C2.

if attr 2 > 3 then C2.
if attr 2 <= 3 then C1.

or

Processor 2 gets examples AEF
and produces the rules:

if attr 1 <= 1 then C1.
if attr 1 > 1 then C2.

From the full training set we get the rules:

if attr 1 > 4 then C2.
if attr 1 <= 4 and attr 2 <= 3 then C1.
if attr 1 <= 4 and attr 2 > 3 then C2.
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