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ABSTRACT

Two strategies are presenied for the parallelisation of the
k-means clustering algorithm on MIMD distributed-memory
computers (multicomputers). The implementations are
decribed in detail. The advantages of each outlined.
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1 INTRODUCTION

This paper presents two strategies for implementing the
k-means clustering algorithm on parallel computers. The
algorith and system are outlined in Section 2. Section 3
gives a computational analysis of the k-means aigorithm.
Section 4 describes the methods used to achieve the map-
ping onto parallel processors. Section 6 concludes the pa-
per.

2 OVERVIEW OF THE SYSTEM

The aim of a clustering algorithm is to produce a set of
clusters which best represent a set of training vectors.
These clusters can in turn be represented by their mean
vectors (or centroids). The centroids can then be used to
form a VQ codebook.

The k-means algorithm (or variations thereupon {1, 2])
has been used for several vears as a means of unsuper-
vised clustering of data (Fig. 2). It has been especially
popular in the field of speech recognition as a means of
producing vector quantisation (VQ) codebooks (Fig. 1).
Another potential application in the same field is that of
speaker adaption: speech data may slowly change as the
talker’s speech habits change. An on-line clustering algor-
ithm may be used to update the pattern library so that it
can track the slowly varying changes. Clearly in this case
the models used by the recogniser would also need to be
retrained.

The k-means clustering algorithm is highly computation-
ally intensive; it can take many hours, even a few days, to
cluster a large set of training vectors using today’s unipro-
cessor workstations. It is beneficial to have a fast means
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Fig. 1: Vector quantisation

of clustering sé that more experiments in VQ codebook
design can be carried out in the time available. In the
case of speaker adaption it would be possible to build a
system that reacted to the speaker in real time. To this
end this paper proposes two strategies for parallelising the
k-means algorithm on today’s low-cost readily-available
multicomputers, e.g. a few transputers added on to a PC
or workstation.

3 ANALYSIS OF THE ALGORITHM

For this analysis it will be assumed that there are N train-
ing vectors and K classes for clustering. The k-means al-
gorithm (Fig. 2) consists of three main parts: a} Classifi-
cation of training vectors; b) Computing cluster centroids;
c) Testing for convergence. It is the first two parts which
require the vast majority of processing power. They both
typically involve some kind of distance measure to be cal-
culated between all the vectors. For speech recognition
these may be cepstral vectors in 12-D space. Thus a Eu-
clidean distance measure involves at least 12 floating-point
subtractions and multiplications.

The k-means algorithm has computational complexity
O(NK). Profiling a serial implementation of the algor-
ithm determined that the vast majority of computation
is used re-classifying the training vectors once the new
cluster centroids have been determined. Any successful
parallelisation of the algorithm must distribute this clas-
sification effort as evenly as possible amongst the available
PLOCessors.

1627



1. Initialise: Put all the training vectors in one cluster
and find its centroid vector. The number of clusters is
oneie L=1.

2. Split: All clusters are divided in two, making the size
of the cluster set, L = 2L. The centroids for the new
clusters are found.

(a) Classification: The training vectors each are re-
assigned to the ‘nearest’ new cluster centroid.

¢ Find centroids: Find the new centroids for
the cluster set, based upon the new training
vector distribution.

(b) Test convergence: If the cluster centroids have
all converged, goto Step 8. Otherwise, goto Step
(a)-

3. Test finished: If L is equal to the desired codebook size,
K, STOP. Otherwise, goto Step 2.

Fig. 2: Traditional k-means algorithm.

4 MAPPING PROCESSES TO
PARALLEL PROCESSORS

It is traditional to parallelise an algorithm by first imple-
menting a serial version which identifies the necessary pro-
cesses. Next, it must be decided how to distribute these
serial processes across the available processors. This task
is known as the ‘mapping problem’ [4]. The goodness of
the mapping determines directly the speedups achieved. It
is quite possible to choose a mapping which is so bad that
the paralle] implementation runs slower than a serial one
from which it was developed due to gross communication
overheads.

Process mappings to processors fall into two broad cate-
gories: functional decomposition and data decomposition.

In funciional decomposition, the various functions of the
algorithm are distributed amongst the processors and data
flow from processor to processor. An example of this is a
pipeline with, say, the front-end process on the first pro-
cessor, followed by various subsequent stages on the other
processors. This decomposition can be costly in terms
of communications time and it is difficult to balance the
processing load. Sometimes it is necessary if, for example,
the processors in the system are different (hybrid archi-
tecture).

In date decomposition, instead of partitioning the algor-
ithm, we partition the data into portions which are pro-
cessed on different processors. Load balancing is fairly
automatic. Perfect balancing is achieved if the processing
is data independent. In this case we have what is known
as a Task Farm. The remaining problem is to choose the
size of the data portions. It should be chosen to keep all
of the processors busy all of the time (as near as is possi-
ble). For these reasons, data decomposition was employed
in both methods described in this paper.
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4.1 Software routers and network topologies

All the programs were written in C++. This enabled us to
employ object orientated techniques. The message passing
was greatly assisted by the use of CHIMP (Common High-
level Interface for Message Passing). CHIMP is a topology
and processor independent routing harness. Thus it was
‘possible for these implementations to be developed under
the familiar UNIX environment on workstations before fi-
nally being ported to a network of transputers.

4.1.1 Processor network topology

As parallel computers’ processors become faster, more
densely interconnected and more numerous, the topology
of the processor network becomes less important. In the-
ory the best parallel computer has an infinite number of
processors, all of which have a direct link to all other pro-
cessors with infinite bandwidth. Any given application
would run on a small ‘corner’ of the network. However,
today’s MIMD (multiple-instruction, multiple-data) ma-
chines have a few processors sparsely interconnected with
low bandwidth. Although the technology is improving, we
still need to consider the network topology.

In the past message routing was the responsibility of the
programmer and so simple processor networks (Fig. 3)
were used because of their associated simple routing al-
gorithms. Nowadays however, complex topologies (Fig. 4)
can be employed along with a topology-independent rout-
ing harness such as CHIMP. Recent research has shown
that the best performing topologies can be complex or
even random [5]. The ‘greedy’ ring topology was employed
here since the aim was to minimise communications dis-
tance between the data source and all of the processors,
whilst maximising the available bandwidth. If, for exam-
ple, a tree topology were used, there are no alternative
routes for messages which can lead to overused links.

The hardware used for this implementation is a network
of T800 transputers [6]. Each processor has four bi-
directional links by which they can be interconnected. The
network is totally reconfigurable with the constraint that
one of the links must connect to the host computer for file
access.

4.1.2 Communications

Overall, the efficiency of a parallel system is improved
by minimising the amount of communication. The way to
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Fig. 5: Amdahl’s Law

minimise communication is to do as much work as possible
on a piece of data before sending it elsewhere. Thus, for
example, the philosophy for a pipeline of processes should
be to have all the pipeline of processes available on every
processor being used. In this way, pieces of data can be
‘farmed out’ to worker processes by a master process.

In the case of Transputers, the bandwidth of each link is
constant at 20 Mbit/s. Each message sent down a link
involves some duplex handshaking. Thus the larger the
message the better.

When a parallel program is ‘communications bound’ the
only ways of improving efficiency are:

¢ Add more links for extra bandwidth;

e Modify the communication strategy to reduce the
number of messages.

The programmer can benefit from intelligent routers which
will keep a table of all shortest routes between processors.
Very intelligent ones can adapt their choice of route to
avoid heavily loaded links.

5 ADOPTED MAPPINGS

Amdahl’s law [3] states that the inherently sequential
parts of a program dictate the maximum possible speedup
achievable by running parts of the program in parallel

(Fig. 5).
5.1 Method 1

To aid description of the parallel processes and their inter-
action an analogy is drawn between VQ codebook genera-
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tion and the production of an academic anthology. There
is a unique process known as the Editor which has global
overview of the codebook generation and collates resalts
whilst not actually generating any results itself. There are
several identical processes known as Contributors which
each have a disjoint subset of the training vectors and
are able produce partial results which they communicate
with the other processes (Fig. 6). Each process runs on a
seperate processor.

In order to ensure that the load is evenly balanced, it is
only necessary to ensure that each Contributor has the
same number of training vectors. The reclassification pro-
cess involves all the Contributors allocating all their train-
ing vectors to one of the clusters. Therefore if they each
have the same number of training vectors, the load is per-
fectly balanced.

5.1.1 Algorithmic modifications

When clusters are split it is necessary to choose the cen-
troids of the two new clusters. The best results have in
the past been achieved by a minimax criterion {7]. How-
ever, this involves knowing all the member training vectors
for the cluster being split. As an alternative, it was de-
cided to employ the ‘farthest neighbour’ technique [8]. All
Contributors know which of their training vectors is most
distant from the centroid. Of these, the Editor selects the
globally most distant as a new cluster centroid and the old
centroid is kept as the other. Thus, for each cluster, the
Editor can decide which Contributor has the most distant
training vector and tell it to split the cluster.

This method is attractive because no synchronisation is
necessary during the computationally intensive parts of
the algorithm (i.e. training vector reclassification and the
calculation of the cluster centroids). Provided each Con-
tributor runs on a separate processor with an equal num-
ber of training vectors, the computational load is automat-
ically balanced. To maximise the parallelisation in accor-
dance with Amdahl’s law the work of the Editor (which is
a sequential bottleneck) must be minimised. In Method 1
the Editor process performs less than 1% of the total pro-
cessing which means that it can run on the same processor
as one of the Contributors without affecting the load bal-
ancing significantly.
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5.2 Method 2

In Method 1 each Contributor had responsibility for its
own subset of training vectors over the global set of clus-
ters. The second method distributes the clusters rather
than the training vectors. Each Contributor holds locally
as many training vectors as memory constraints will al-
low. Thus their subsets are no longer disjoint and in the
best case all of the training vectors are held at every Con-
tributor.

The cluster centroids are broadcast to all Contributors but
individuals have the responsibility of working on a disjoint
subset of the clusters. It may be necessary for Contribu-
tors to occasionally exchange a few of the training vectors
as their ‘ownership’ changes if not all are held by each.
Thus although each Contributor holds many or most of
the training vectors, they only own some of them at any
given time.

The larger memory requirements make this second method
better suited to SIMD (single-instruction, single-data)
machines. It would perform best of all with shared mem-
ory which is often used in SIMD machines.

6 CONCLUSIONS

It can be argued that the speed of execution of the k-
means is not particularly important when using the re-
sults as static codebooks for speech recognition systems.
However, in the research environment it is absolutely nec-
essary to be able to experiment with various codebooks so
as to attain exactly what makes the best ones. Without
fast codebook generation, this is extremely tedious.

VQ codebooks generated by the algorithms described in
this paper have successfully been employed in a semi-
continuous hidden Markov Model-based speaker verifica-
tion system [9]. They have also been used in our parallel
speech recogniser [10]. Our interest has been in affordable
MIMD machines but there is no reason why Method 2
could not be implemented on a more expensive SIMD and
more massive speedups achieved.
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