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Abstract

With the development of e-Science service-oriented
infrastructures based on the Grid and service com-
puting, many data grids are being created and are
becoming a new potential source of information avail-
able to scientists and data analysts. However mining
distributed data sets still remains a challenge. Follow-
ing the assumption that data may not be easily trans-
fered from one site to another, or gathered at a sin-
gle location (for performance, confidentiality or secu-
rity reasons), we present a framework for distributed
clustering where the data set is partitioned between
several sites and the output is a mixture of Gaussian
models. The data providers generate locally a cluster-
ing model using different classic clustering techniques
(for the moment K-Means, EM) and return it to one
central site using a standard PMML representation
for the model. The central site uses these models as
starting observations for EM iterations to estimate
the final model parameters. Although known to be
slower than other simpler techniques, EM is here ap-
plied to a relatively small set of observations and pro-
vides a probabilistic framework for the model combi-
nation. An initial version of the framework has been
implemented and deployed on the Discovery Net in-
frastructure that provides support for data, resource
management and workflow composition. We present
empirical results that show the advantages of this ap-
proach and show that the final model stays accurate
while allowing the mining of very large distributed
data sets.

1 Introduction

With the development of e-Science service-oriented
infrastructures based on the Grid and service com-
puting, many data grids are being created and are
becoming a new potential source of information avail-
able to scientists and data analysts. Hence, it is be-
coming a common scenario for an analytical process
to require data spread across multiple organisations,

in different cities or countries. Each data source may
have different bandwidth, security or restriction poli-
cies, thus making the analysis more difficult.

On the other hand, the analysis of larger and larger
data sets is not only a consequence of the increasing
amount of information stored in databases and data
warehouses, but also a requirement for improving the
quality of the analysis [12]. However most of the tech-
niques developed for data analysis were not initially
designed to cope with these amounts of data. Neither
did they take into account data location and accessi-
bility.

One of those techniques is data clustering, an un-
supervised technique to find homogeneous groups of
instances within a data set. It has been successfully
applied to sociological data in order to find patterns
of behaviour [2], to image processing [15] and more
recently to genomic data such as gene expression
data[14], where partitional clustering is used to find
groups of genes with similar activities over a set of
experiments.

Clustering large data sets [3] is an inherently diffi-
cult problem. Solutions like sampling the data are not
always accurate enough for discovering representa-
tive patterns. In the case of distributed data sources,
the problem becomes even more complex, as the data
may not or should not be moved between sources be-
cause of restrictive policies, or at least because it is
very expensive to do so. Thus, we dismiss the pos-
sibility of applying either a sample-based approach
or gathering all the data first. Another issue further
arising from having distributed data sources, is the
skewness of the data distribution. It is probable that
different parts of the data contain different clusters,
and if this is the case, then a local model may not
represent very well the full data set.

In this paper, we aim to provide a framework for
distributed clustering. The basic approach is to clus-
ter distributed data locally and then combine clusters
generated separately, on different distant sites, on dif-
ferent sets of observations by using a model combiner.

An outline of the framework described in Figure 1
is as follows:



1. Local clustering sites generate clusters and asso-
ciated statistics, based on local data sets only.

2. These models are returned to a combiner site
using a standard representation.

3. Model weights are normalised

4. The combiner applies a learning process to gen-
erate a global clustering model.

The learning approach adopted by the combiner is
based on a model parameters estimation technique
(EM clustering), taking into account all the statistics
available as input.

Using a probabilistic approach also opens new pos-
sibilities to extend the framework. Examples of exten-
sions include the estimation of the number of clusters
contained in the data set using the Bayesian Infor-
mation Criterion [9], and an iterative refinement pro-
cess using the global model as prior knowledge for
estimating new local models. These extensions are
not discussed in this article which concentrate on the
framework for combining the models generated lo-
cally.

We have deployed this framework using Discov-
ery Net[1], an e-Science platform which provides data
management and resource composition.

We evaluate this framework against synthetic data
sets to show that it consistently outputs models of
better quality than the average quality of local mod-
els. We also show that under certain conditions re-
lating to the skewness of the data partitioning, the
quality of the combined model becomes significantly
better.

2 Model-based Clustering

Clustering techniques are unsupervised techniques
used to find groups of points within a data set. We
focus on model-based clustering where a cluster is
defined by the parameters of the distribution that
best fit it. Clusters are usually supposed to follow a
Gaussian distribution and the problem of estimating
clusters in a data set can be reduced to a statisti-
cal parameter estimation problem for a mixture of
Gaussian models. Therefore, the general statistical
EM (Expectation-Maximisation) algorithm|7], which
finds the parameters that locally maximise the likeli-
hood of the distribution, can be applied naturally for
computing the cluster density functions. In this case,
each data point does not simply belong to one and
only one partition but has a probability of belonging
to each Gaussian component. This is why the tech-
nique is often referred to as a soft assignment tech-
nique.

3 Meta-learning and cluster

combination

Learning from models, also called meta-learning [5], is
a possible strategy for scaling up learning processes,
as the data set can be partitioned or sampled to gen-
erate several partial models that can be used to build
a global model. Meta-learning for distributed data
has been successfully applied, for instance, to classi-
fication algorithms [10]. We are aiming to apply this
strategy to clustering models. In essence, the com-
bination process consists of stacking the density es-
timations provided by the input clusters[13] before
starting the final parameters estimation.

3.1 Goal

The main advantages of the framework are:

e Distributed mining: Data is not moved from
site to site.

e Openness: Clustering algorithms on each site
can be different and exchanged with any cluster-
ing program, compliant with a standard repre-
sentation, for instance PMMLI6].

e Incremental clustering: If local clustering
processes can return results at any time then the
combiner can use this information to return a
model of the data set processed so far.

3.2 Designing a combiner
3.2.1 Local cluster representation

In the process of combining the models, each input
cluster is represented by its weight, its mean and its
variance along each dimension (diagonal of the co-
variance matrix of this cluster).

3.2.2 Process
We describe here the process for building a model.

1. Request clustering models to be built for each
partition where the data is situated.

2. Generate local models by using any algorithm
whose output would comply with the cluster rep-
resentation described before. In our experiments,
the local models are generated by using K-Means
with random initial points. The result provides
an initial parameter estimation for EM cluster-
ing, and the final result is an estimation of the
cluster weights, centroids and covariance matri-
ces. For local clustering we estimate the diagonal
of the covariance matrix for each cluster.
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Figure 1: Framework for distributed clustering

3. Send local models to the combiner site waiting
for all the processes to be finished.

4. Re-weight models: taking into account what frac-
tion of the complete data set the model repre-
sents, each cluster is assigned a new weight such
that the total weight of all the input clusters
is 1. If the data set is partitioned into p sets,
each generating k clusters C% of weight w{, then

P k i
i=1 Zj:l wy; = 1

At this stage, the combiner site has all the input
needed to start building the global model. We can
now describe in detail the EM iteration.

3.2.3 EM iteration for clusters

We adopt the following notations:

e The d-dimensional Gaussian distribution of
mean p € R? and diagonal covariance matrix
=3¢ 026, is denoted by N (s, ¥).

o fx is the density function of a random variable
X.

e The density function of the Gaussian distribu-
tion N(u,X) is denoted by far(.s)-

e The input C is the set of observations and
|C| = I. Each observation C; is a triplet of suf-
ficient statistics representing a group of points.
C; = {w;, pi, i}, where w; is the weight of the
cluster, p; is its mean and finally ¥; is the co-
variance matrix. Therefore each cluster is only
represented by its variance along each attribute.

e The output model at iteration [ M' is a mixture
model composed of K Gaussian models. M! =
SR ag.M}, where ML~ N (b, ¥L)

Each iteration of the EM algorithm is decomposed
into a likelihood estimation step (E-step) and a pa-
rameters re-estimation step (M-step). The algorithm
stops when the likelihood no longer increases. We
present now a modified version of the original EM
clustering algorithm, in order to accommodate the
particular type of input (clusters) we are dealing
with.

Likelihood estimation (E-step) The first step of
the algorithm consists in calculating the probability
of each model knowing the observations:

P(M|C;) = wi P(My| i, 3:) (1)

Then using the Bayes formula:

P(M}).P(p;, S| M})
P(ui, Xr)

We can first estimate P(u;,¥;|M}) without con-
sidering the covariance matrix X;:

P(u|My) = fag (1) (3)

However, instead of using the centroid as the only
representative of the local cluster, we can use its esti-
mated distribution. First, we can estimate the density
function representing an observation fc, = fn;,. s, -
Then, we can define X; a random variable that repre-
sents the observation C;. The variable Y; = f (Xi)

P(Mp|pi, %) = (2)



represents the probability of X; belonging to cluster
M}, and finally we can use the expectation of Y; as
an estimation of the probability of the observation C;
belonging to cluster M. ,lc In our case, we only store in-
formation about the variance of each attribute within
a cluster, thus simplifying the formula as follows:

Pl M) = Elfxg, , (X

_ o (4)
= f/\foyzﬁziﬁ (i — mg,)

Using that, the probability takes into account the
distribution of the observation C; as well as the dis-

tribution M! at iteration .

Parameters update (M-step)

e The weight of each cluster is the sum of the mem-
bership of all the observation. There is no need
to divide by the number of points, as the weight
of each point is taken into account in the proba-
bility calculation:

apt =Y P(M{[Cy) (5)
C;

e Estimate the new mean, knowing the member-
ship of all the points (as in the standard version):

”l+1 _ Zci P(MHQ)-M
b e, P(M{|C)

(6)

e Compute the new covariance matrix. Instead of
estimating the covariance directly from the cen-
troid coordinates of the input clusters, we use
their estimated covariance:

Yo, P(M{|Ci).%;
e, P(ML|Cy)

I+1 _
¥ =

(7)

This is also how the covariance is estimated in
SEM[4], when updating the model against the
summarization structure.

3.2.4 Initialisation

The EM algorithm being quite sensitive to initial pa-
rameters, we have to make sure it starts with mean-
ingful values. The basic idea is to form some pre-
liminary clusters based on a partition of the set of
input clusters, into K groups. This is achieved by us-
ing K-Means on the set of input cluster centroids.
We choose not to use any modified version of K-
Means that would take into account the weight of
each input, in order to make sure we start with well-
separated means. After that, the estimation of the

initial weight of a cluster is the sum of the weight of
the clusters of the partition. The covariance is also the
weighted average covariance for each partition found
by K-Means.

Assuming K-Means partitioned the input set into
k, each part containing n; input clusters, j € 1,..,k ,
Ci; =A{wij, pij,Xi;}, 1 € 1,..n;, then the estimated
weight of the output cluster j is Z?:l w;,; and its

. . . k
estimated covariance is ijl Wy, 5.2,

4 Deployment

In this section, we describe how we use the Discovery
Net infrastructure to deploy the framework.

4.1 Discovery Net

Discovery Net[1] is an infrastructure for building
Grid-based knowledge discovery applications. It en-
ables the creation of high-level, re-usable and dis-
tributed application workflows that use a variety of
common types of distributed resources. It is built on
top of standard protocols and standard infrastruc-
tures such as Globus but also defines its own proto-
cols such as the Discovery Process Mark-up Language
(DPML) for data-flow management. In the context of
this application, it is used to coordinate the execu-
tion at each clustering site and the gathering of the
resulting models to be merged. It also provides the
table management required for handling the type of
relational data structure used as input for data clus-
tering.

4.2 Distributed Clustering

As shown in Figure 4.2, we use the Discovery Net
client to compose, trigger and monitor the execution
of the distributed mining process.

5 Evaluation

5.1 Methodology

The first evaluation is carried out on the quality
of the models. For that, we use the likelihood as a
quality measure. We compare both the likelihood of
the model against the entire data set and the likeli-
hood of the model against the generating model. The
second evaluation focuses on measuring performance
and scalability.
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Figure 2: Discovery Net client.

5.1.1 Data Skewness

The way the data is partitioned is very likely to in-
fluence our quality assessment. If the data is fairly
randomly distributed, then the model generated from
any sample will be of high quality, particularly with
very large data sets. The combiner will keep the accu-
racy of these models, but in any case cannot output
a significantly better model, as this is a worst case
configuration.

Conversely if the data sets have completely differ-
ent densities then the combiner will certainly outper-
form the locally estimated models.

In order to test this, we introduce a randomness’
factor in the data set generator we use for quality
evaluation. If this factor is 0 then the generator just
concatenates values simulated for each Gaussian com-
ponent one after the other. A factor of 1 will gener-
ate a randomly distributed data set i.e. the choice of
which component a point will be simulated from, is
random.

5.1.2 Quality evaluation

For each experiment we show the average log-
likelihood (AvgLL1) of the input models and the
combined model log-likelihood (CLL1) against the
complete data set. We also show the same measure
against the generating model (AvgLL2 and CLL2)

Table 1 shows how the framework scales in terms
of data size. We use a data set with 10 Gaussian
components with 5 dimensions, a randomness ratio of
0.2, 5 groups and a number of points € {1000, 10000,
100000, 1000000}. Clearly the combined model stays
accurate even with large data sets.

Table 2 shows how the combined model becomes

Result of distributed clustering

Ratio | AvgLL1 | CLL1 | AvgLL2 | CLL2
1.0 -40983 | -40970 -73 -73
0.8 -35460 | -35010 -68 -67
0.6 -31357 | -29681 -59 -55
0.4 -44996 | -38160 -90 -71
0.2 -46453 | -31175 -86 -52
0.0 | -110602 | -18127 -141 -21

Table 2: Randomness ratio effect

more accurate when the randomness ratio decreases.
The data set has 5 dimensions, 5 Gaussian compo-
nents for a total of 10000 points and is partitioned
into 5 sets. The best case is obviously when the ratio
is null, meaning that each partition has completely
different underlying distribution and cannot provide
an accurate model of the whole data set whereas the
combined model can easily return a more accurate
model by taking into account the different density
distributions.

In Table 3, the parameter is the number of clusters.
The data set contains 10000 points of dimension 5
and a randomness ratio of 0.2. It is also partitioned
into 5 data sets of equal size. The increasing number
of clusters does not prevent the combined model from
outperforming the local models.

We then test the scalability of the framework in
terms of dimensionality. Again the other fixed pa-
rameters are 10000 points partitioned in 5 data sets,
a ratio of 0.2 and 5 clusters. The results are shown
in Table 4. Although we did not test for very high
dimensional data set, the results are encouraging, as
there is no degradation of the likelihood of the com-
bined model.



NbPts | AvgLL1 CLL1 | AvgLL2 | CLL2

1000 -4331 -2558 -81 -43

10000 -42306 -32623 -81 -63

100000 | -478452 | -333851 -87 -56

1000000 | -4577461 | -2649639 -84 -50

Table 1: Increasing data size

K | AvgLLl1 | CLL1 | AvgLL2 | CLL2 machines also acted as the combiner site. We have
2 9559 | 24091 5 8 measured the total time in seconds to generate the
3 8109 | 21165 5 10 global model. In Figure 5.1.3 and Figure 5.1.3, k rep-
) -26312 8620 -26 8 resents the number of clusters and d the dimension of
10 | -33520 | -7824 -94 -24 the data set. As expected the framework scales well
15 -48041 | -33174 -173 -113 in terms of execution time, as standalone clustering

Table 3: Increasing number of clusters

D | AvgLLl | CLLI | AvgLL2 | CLL2
2 | 21970 | -15154 25| 17
4| -20458 | -2652 35 3
5] -30272 | 6656 -36 6

10 | -73376 | 28561 73 30

15 | -165102 | 26884 -116 -8

Table 4: Increasing dimensionality

Finally the variable is the number of partitions.
The number of points equals to 10000 with 5 clus-
ters, 0.2 ratio, and 5 dimensions. Table 5 contains
the results.

5.1.3 Performance

To measure performance, we use a homogeneous clus-
ter with a maximum of 5 workstations (Pentium III
700 Mhz). The data set is first partitioned and sent
to the 5 machines. In our experiment, one of the

D | AvgLL1 | CLLI | AvgLL2 | CLL2
2| -4926 | -1683 14 5
3| -22122 | -7255 72| 49
4| -35659 | -11827 78| -26
5| -32320 | -6000 66 | -15
6| -44027 | -17068 93| -25
7| -50808 | -20183 2125 | -40
8 | -54917 | -20759 2120 | -46
9 | -59847 | -16208 135 | -22
10 | -66745 | -19331 4150 | -35

Table 5: Number of partitions

processes are carried out concurrently on fragments
of the data.

6 Related work

A parallel version of K-Means for distributed mem-
ory architecture[8] using MPI allows the applica-
tion of very large data sets while conserving the ini-
tial exact K-means algorithm. While related to the
method we propose, solutions based on MPI usually
requires a tight integration between the processors
such as on distributed memory multiprocessors ma-
chines. However there are Grid-enabled versions of
MPIs that could be used here instead. In [11], the
author presents an incremental version of the EM
algorithm (online EM) based on a gradient descent
method. SEM[4] reuses the summarization frame-
work defined for ScaleKM but the model estimation
uses the EM method, resulting in a fast and incre-
mental algorithm. These methods are other ways to
scale up the algorithm we are using and although
they cannot be applied under the same constraints of
distributed data, they do solve the scalability issue
for one data source.

7 Conclusion-Discussion

We presented and evaluated a framework for com-
bining models based on a parameter estimation tech-
nique (EM). The result is promising as the combined
model can consistently outperform the average likeli-
hood of the models generated on each part of the data
set, thus allowing the mining of distributed data sets
without data transfer, or high bandwidth require-
ments between the collaborating data grids. Models
have to be sent from each data source to the combiner
site but the size of these models allows, for instance,
the utilisation of secure transmission techniques in a
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reasonable time. The use of a standard cluster repre-
sentation has been a choice for the future openness
and reusability of the framework.

We restricted our evaluation to the case where
the number of clusters is known and therefore the
problem of choosing the right & for the local site is
avoided, however the framework has theoretically no
constraints on the number of clusters generated on
each site. It only assumes that it can start with the
defined compressed representation of the distributed
data set. This is why we are working now on extend-
ing the framework in order to use other data summa-
rization techniques on each site.

The Discovery Net infrastructure has provided us
the service required to build this application to dis-
tributed clustering, in particular through its data
management and workflow composition services.

In an e-Science environment where more and more
data grids are created, more and more data is gener-
ated and functionalities are provided through services
using open standards, this approach also shows that
it is possible to compose complex solutions based on
these building blocks.
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