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Abstract

Many of the algorithms designed to cluster large data
sets compute representations of the data which are
ased on a single ector without a uni ue representa
tion of the original data items e present an e tension
of rincipal irection i isi e artitioning which cre
ates a least s uares appro imation of the data ased on
a small num er of ectors e show that the e ten
sion can sa e signi cant amounts of memory and clus
ter the data as well as the original method e also
show that in some cases using more than one ector to
appro imate each data item results in superior uality
clusterings
r s clustering large data sets data
mining principal directions matri appro imation

tr ct

Most clustering algorithms re uire that the data t into
memory at once in order to run e ciently lustering
algorithms that re uire a pairwise similarly measure
are restricted to clustering e en fewer points since
computing and storing the pairwise similarity costs
where is the num er of points in the data
set  ither a aila le memory or computational e pense
restrict standard clustering algorithms to a  ed data
set si e
he most direct solution to these limitations is to
su sample the data and use the su sample to nd the
desired num er of cluster centers fter the centers ha e
een found all the data are associated with the closest
center ampling has the ad antage of eing simple and
straightforward  owe er it is often di cult to choose
a good representati e sample of the data and sampling
can miss anomalies which might e interesting
nother solution is to compute a representation
of the original data which ta es up less space he
wor s in are arious techni ues of computing
a representation of the entire original data ased on a
much smaller set of appro imation ectors such that
each data item is associated with one ector sing
one ector to represent many original data points sa es
in oth memory and the num er of pairwise similarity
measures ifre uired hedraw ac to using one ector
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to represent a data point is that each data point does not
ha eauni uerepresentation fa cluster contains items
which are all associated with the same single ector no
further di erentiation among the data items is possi le
his may e ect clustering uality in some cases lso
these methods do not address the issue of outliers which
might e of interest in some cases
e propose an alternate method of appro imating
the original data so it can t into memory and e
clustered ach data item is appro imated y a linear
com ination of a small num er of representati e ectors
chosen from a pool of ectors he total num er of
ectors in the pool remains small to sa e memory and
the representati e ectors are ine pensi e to o tain
he resulting low memory representation of the original
data is stored as two matrices ne matri contains the
representati e ectors and the other is a sparse matri
containing the coe cients  he product of these two
matrices is the appro imation of the original data
ince the assumption is that the data will not t
into memory at once the low memory representation is
constructed in a piecemeal fashion  he original data
are di ided into dis oint sets such that each set will
t into memory and a low memory representation is
computed for each set of data he ectors used to
represent the data are the centroids o tained from a
clustering of the data as was done in he centroids
closest to the original data item are used to represent
that data item in a least s uares appro imation nce
the low memory representations are computed for each
of the smaller sets of data they are assem led into a
single two matri system which represents the entire
data set
his low memory representation was designed to e
clustered using rincipal irection i isi e artitioning
does not re uire a pairwise sim
ilarity measure to determine the clustering he ey
component of is determining the principal direc
tion of the data which is computed using a anc os
ased sol er he sol er computes matri  ector prod
ucts such that the low memory representation can re
main in factored form

ince is fast and scala le we also use



to perform the intermediate clusterings used to
o tain the low memory representation e call the
method of computing the low memory representation of
the data and clustering that representation iecemeal
M M preser es the scala ility

of while e tending to large data sets

r S r

n the conte t of data mining the construction and ap
plication of low cost and or low memory representations
of data is usually restricted to either clustering or a
tent emantic nde ing ince the low memory
representation used in M was designed for clus
tering ut has its origin in an application for we
present a sample of the wor that has een donein oth
areas

A r at s he goal of is to
construct a representation of the data such that hidden
relationships among the data can e disco ered  he
standard representation of the data for is o tained
using the singular alue decomposition he
of a data matri A

A

has the smallest reconstruction error with respect to the
original data wutitis erye pensi etoo tain and often
ta es up a signi cant amount of memory lternati es
ha e een de eloped to address oth of these issues
wo techni ues which sa e memory are the emi

iscrete ecomposition and the method in
he represents the original data using two
matrices and  which ha e entries ta en from the set

and one diagonal matri constructed using
real num ers fthe original data matri is A then the
ran appro imation to A is

A

tarting with A each successi e column of
and is computed to reduce the residual error etween
the appro imation and the original data su ect to the
constraints mentioned or a gi en le el of accuracy
the sa es memory compared to the ut is

more e pensi e to compute than the

he method in is a direct application of the
which sa es memory with respect to the standard

he method starts y computing a ran
of the data and then restricts the num er of non ero
entries in the rst column of and ach su se uent
step in ol es computing a ran of the current
residual and restricting the num er of non ero entries
in the corresponding columns of and gain

memory is sa ed with respect to the ut it is more
e pensi e to compute than the
ne ine pensi e though not necessarily memory
sa ing alternati e to the for is the
he concept decomposition demon
strated that clustering can e used to compute an ine
pensi e matri appro imation n the concept decom
position document data were clustered using spherical
means and the cluster centers were used as a asis for
constructing a least s uares appro imation to the origi
nal data i ensu cient ran relati e to the the
concept decomposition had the same accuracy as the
on the document data set while eing less e pen
si e to compute than the

A r at s s r s tat

r a here are other appro imation tech
ni ues which were speci cally designed to e used for
clustering or e ample catter ather
and the method in appro imate each original
data item y a ector which is li e a cluster centroid
More than one data item is associated with each ector
hat follows is a rief o er iew of these techni ues

etails ha e een omitted for the sa e of re ity
o tains the ectors ia a process which
scans the entire data set once and associates data with
ectors ased on pro imity hen a new ector is
introduced one of three things can happen  f the
new ector is close enough to an e isting representati e
ector it is folded in with the representati e ector
which is then altered to re ect the new data item
f there are no ectors close enough and there is
memory left then the new data item ecomes a new
representati e ector f there isnt enough memory
left for a new representati e ector then the tolerance

is changed and the set of representati e ectors is
re computed to re ect the new tolerance e omit
a detailed description of how this is done ut it is

possi le to do this e ciently and without scanning the
data again ith the data structure used it is not
necessary to compare each new data ector with e ery
representati e upon insertion
catter ather separates the original data into
uc ets and then agglomerates the data in each uc et
indi idually such that a gi en num er of clusters are
produced in a gi en uc et ach data item in a gi en
cluster is associated with its cluster centroid he
centroids are weighted with respect to how many data
items they represent and this weighting is used when
com ining them to create new cluster centroids  he
centroids are gathered together put into a smaller set of
uc ets and agglomerated again  he process continues
until the desired num er of clusters has een computed



he method in is a ariant of means for
large data sets su set of the data are loaded into
memory and clustered with means until a certain
num er of clusters are o tained hen the centroids of
each cluster weighted y the cardinality of the cluster
ecome the representati es of the data  he data are
remo ed and a new set of data is loaded and clustered
along with the centroids from the pre ious iteration
his process continues until either all the data ha e een
scanned or until the user is satis ed that the cluster
centers aren t changing signi cantly with the addition
of new data

ar Most appro imation methods used in
clustering associate each data item with one appro ima
tion ector with no attempt to pro ide a uni ue rep
resentation for the data items  his is practical from a
pure memory sa ing approach ut some clustering ac
curacy may e lost if the data do not form tight groups
at the time the appro imation is constructed
he concept decomposition creates a computation
ally ine pensi e appro imation using cluster centroids
ach data item is appro imated using the entire set
of centroids  his pro ides a uni ue representation for
each original data item ut will pro a ly not sa e mem
ory
e ase our low memory representation of the data
on the concept decomposition e use cluster centroids
to appro imate the data ut we choose a small num er
of centroids from the larger collection of centroids to
appro imate each data item  his results in a uni ue
representation for each data item that can still sa e a
signi cant amount of memory

t s

o insure that the e planation of the methods is clear
we pro ide a de nition of some of the terms we will use
throughout this wor

e are using the ector space model ach data
item is represented as a column ector and the entire
data sample is represented y a matri f we ha e a

data set containing the attri ute ectors we can
de ne

where is an matri is the num er of
attri utes in each ector and is the num er

of items in the data set ince the clustering and
appro imation methods in this wor use linear alge raic
techni ues this representation is ery con enient

ne way to delineate a cluster is to refer to its
centroid he centroid of a cluster is de ned

as
where  is the num er of items in cluster and
is the column of he centroid represents the

contents of a cluster in a compact way

ne commonly used intrinsic measure of the uality
of a cluster is the scatter alue he scatter alue is a
measure of the cohesi eness of the data items in a cluster

with respect to the centroid of the cluster  he scatter
alue of a cluster is de ned as
where is the dimensional ector and

is the ro enius norm he ro enius norm is the
s uare root of the sum of the s uares of e ery entry in
the matri hen comparing two clusterings the one
with the smaller scatter alue is assumed to ha e the

etter clustering uality

ntropy is another clustering uality measure he
entropy measures the coherence of a cluster with respect
to how a cluster is la eled  he total entropy of a gi en
set of clusters is de ned y

where

log
where is the num er of samples with la el in
cluster and is the total num er of

samples in cluster f all of the la els of the items in
a gi en cluster are the same then the entropy of that
cluster is ero  therwise the entropy of that cluster is
positi €  he lower the total entropy the etter
the wuality of the clustering

n entropy calculation assumes that the la eling
is perfect which is not a good assumption in e ery
case since any la eling performed y a human can e
su ecti e ntropy cannot e used when the data ha e
not een classi ed prior to clustering

he algorithm de eloped in this wor M is
an e tension of for large data sets he low
memory representation of the data is constructed so
that it will ha e a minimal impact on the e ecution

e pense of herefore we now pro ide a detailed
description of so it will e clear how it has een
e tended



Cutting Plane u

igure split in two dimensional space  he
principal direction of the data is computed and the
data points in the cluster are pro ected onto
de ning the points Il points associated with
greater than the mean  are placed in one new cluster
and the rest of the points are placed in the other new
cluster

A rt is an unsuper ised
di isi e clustering algorithm  he alues of the data
attri utes are used to determine the clustering and
there is no prior nowledge of class mem ership of the
data items constructs a hierarchical inary tree
y recursi ely splitting clusters  he clusters are split
using the direction of ma imal ariance of the data
attri utes also nown as the principal direction of the
data
he algorithm egins with the root cluster
which contains all the data samples  he root cluster is
split y nding the principal direction of the cluster
and pro ecting all the data in the cluster onto I
data on one side of the mean of the cluster are placed
in one child cluster and the rest are placed in the other
child cluster n e ample of a two dimensional split is
shown in igure
fter the root cluster is split there are two leaf
clusters  ne of the leaf clusters is selected and split
sually the leaf cluster with the largest scatter alue
is chosen ut it is possi le to use other selection
criteria such as choosing the leaf cluster with the largest
cardinality = he process of selecting and splitting leaf
clusters continues until some stopping criterion is met
he leaf clusters of the tree de ne the clustering
of the dataset he algorithm is shown in igure

he principal direction of the cluster is determined
y computing the left leading singular ector of the
data in the cluster f is the matri of columns
of data samples in cluster we compute the left

A rt tart with a matri
where each column of  is a data item
and set the desired num er of clusters
ta inary ree with a single oot ode
r
ct leaf node with largest scatter alue
and left  right children of
t
r if then assign data sample
to
else assign it to
s t inary tree with  leaf nodes forming
a partitioning of the entire data set

igure is the matri of data ectors
for the data samples in cluster  and are the
centroid and principal direction ectors respecti ely for

leading singular ector  of his direction
corresponds to the largest eigen alue of the sample
co ariance matri of the cluster he computation
of can e accomplished wuic ly using an iterati e

anc os ased sol er for the singular alues of his
algorithm is ery e cient especially since low accuracy
is all that is re uired and it can ta e full ad antage of
any sparsity present in the data

t A a ss e present a
comple ity analysis of for completeness he
cost of is dominated y the cost of computing
the splitting ector for each non leaf node  he primary
e pense of the anc os ased sol er is the computation
of amatri ector product of the form where s
some ector herefore the cost to split a root cluster
which has  data samples with attri utes per sample
is

where represents the num er of anc os iterations
to con ergence and is the 1l fraction of the matri

t is assumed that the product computation for sparse
matrices will ta e ad antage of the sparseness
present  t this point the tree contains two leaf
clusters the left and right children of the root f we
assume for the sa e of this analysis that these two leaf
clusters will e split ne t then the cost of computing
the ne t two splits will e

where and are the num er of data items in
the left and right children of the root respecti ely his
is the same as the cost of splitting the root cluster s



long as the tree is constructed as a completely alanced
inary tree the cost of computing one new le el oflea es
in the tree is the same as the cost of computing the root
split
f we compute a alanced
clusters such that is a power of
of producing the entire is

tree with
then the cost

log

his analysis shows that is scala le in the sense
that the cost of clustering is linear in the num er of
samples and the num er of attri utes and logarithmic
in the num er of clusters he scala ility of has

een demonstrated e perimentally as well in igure

is a graph for on document data sets of arious
si es and shows that is linear in the num er of
data samples and non ero attri utes
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igure he time for clustering of arious

document data sets

re uires the data set to e small enough to t
into memory for e cient computation since the data
are scanned many times during the iterati e process
used to o tain the ran here are many
large data sets which will not t into the memory of
most wor stations and therefore cannot e clustered

uic ly using as well as many other clustering

algorithms M resol es this pro lem y creating
a low memory representation of the original data set
that will t into memory and then clusters the low
memory representation using

irst we descri e the techni ue we use to o tain
a low memory appro imation of a data set  hen we
show how we apply the techni ue to a data set which
will not t into memory at once ast we pro ide a
comple ity analysis of M

atr A r at s st r

tr s ur appro imation techni ue is ased on the
concept decomposition he concept decomposition
uses cluster centroids to form a asis for a least s uares
appro imation to the original data  ur method is sim
ilar e cept that we limit the num er of centroids which
participate in the least s uares appro imation toagi en
data item

uppose we ha e an

e partition A into

centroids of the clusters
de ne the matri

matri A of data samples
clusters and compute the c
he centroids are used to

cc c
which is the matri of representati e ectors used in

the appro imation he e pectation is that will
e used to compute the clustering of A and therefore

o tain ut this is not essential to the method
e use to compute the appro imation
A
where is a matri ach column  of

appro imates the corresponding column in A using a
linear com ination of the ectors in
e only use a small num er ofthec  ectorsin
to form the appro imation to each column of A  ay
we are appro imating a where a is the column of
A e choose the columns in which are closest
in uclidean distance to a and use them to form the
matri hen we can compute the column
of such that

arg min

sing the closest centroids to appro imate each a
instead of computing the appro imation using all the
centroids in creates the opportunity to sa e memory
with respect to a concept decomposition f we set

then our techni ue of creating an appro imation is
essentially identical to the concept decomposition
o sa e memory with respect to the concept decom
position a necessary though not su cient condition is
that min i en this condition the result
ing least s uares pro lem is under determined f the
ectors in are linearly independent we use the
normal e uations with the holes y decomposition to



sol e the least s uares pro lem  therwise we use the
to get the least s uares appro imation of the data
item en though there has een no attempt to create
orthogonal asis ectors in the ma ority of cases the
normal e uations gi e a satisfactory appro imation
has a uni ue ad antage when clustering this
low memory representation ecall that the anc os
ased sol er used to compute the principal direction
is an iterati e procedure which computes matri ector
products of the form A  where is some ector f
we replace A with and group the product com
putation as then the principal direction can
e computed without e plicitly regenerating the sample
ectors represented y ny clustering algorithm
which re uires a pairwise distance or similarity measure
would not en oy this ad antage

str ct a r rs ta

t a atr ow that we ha e a techni ue to
construct a low memory representation of a data set
we need to apply it to larger data sets he asic idea
of what follows is to rea the original data set into
smaller pieces construct a low memory representation
of each piece and then assem le the indi idual repre
sentations into one system which represents the entire
original data set
e start with an matri

will not t into memory at once
such that

of data such
that e want to

construct a system

where and will tinto memory and can e used to
cluster the data in

and are constructed in a piecemeal fashion
is di ided into  dis oint
such that each section of will t into memory

his partitioning of  is irtual since we assume only
one section will e in memory at any gi en instance
e also assume that the ordering of the columns of  is
unimportant e can now construct an appro imation

for each section of  using the techni ue from

fter computing an appro imation for each section
of data they can e assem led into the two matri
system

has dimension and  has dimension

he process of creating the low memory repre
sentation of  isillustrated in igure and the param
eters used to construct the low memory representation

where

are summari ed in a le he M algorithm
is shown in igure
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igure onstruction details of the low memory rep
resentation is di ided into sections and the

low memory representation of each section is computed
without referring to any other section  ach section is
associated with a su di ision of and he columns
of a su di ision of are the cluster centroids resulting
from a clustering of the associated section  column of
asu di ision of is computed with a least s uares ap

pro imation to the corresponding column of using
the  closest centroids from the associated su di ision
of

t A a ss e rea
down the cost of computing a M clustering as
eing the cost of computing the low memory represen
tation of the data and the cost of clustering the low
memory representation  onstructing the low memory
representation for each section of data re uires clus
tering the data in the section e tracting the cluster
centroids to use as a asis nding the centroids clos
est to each data item and computing a least s uares
appro imation for each data item e present the cost
for computing the low memory representation of a gi en
section after which we will show the cost of clustering
the low memory representation of the entire data set
onsider a matri which de nes a section
he cost of computing a clustering of this section
with  clusters is

log



parameter | description |

total num er of data items

num er of attri utes per data item
1l fraction for the attri utes

num er of sections

num er of data items per section

num er of centroids per section

num er of centroids appro imating

each data item

log

num er of nal clusters

min

e nition of the parameters used in M
igure

a le
see

which is the cost of a clustering of the section
with the appropriate parameters inserted he
c centroids of the clusters are e tracted at negligi le
e pense and are used to form the matri
he matri is formed one column at a
time or agi en dataitem in it is necessary to
compute the distance from  to the centroids in
choose the  centroids closest to and compute the
least s uares appro imation to  using those centroids
he cost of computing the uclidean distance from
to all the centroids in is

and the cost of nding the  centroids closest to  is

where

min log
f log the closest centroids are found y
scanning all the distances  therwise it is moree cient
to sort the distances efore selecting the centroids

ow that the closest centroids ha e een se
lected the column of  which appro imates can
e computed he cost of nding the least s uares ap

pro imation to  using the normal e uations is

assuming that the centroid ectors are dense he
o erall cost of computing  for the ectors in is
he cost of computing and is the

same for each section of data since the assumption

A rt
tart with a
column of
alues for
art t

matri where each
is a data item and set the
and see a le

into  dis oint sections

t the tree for the section
with  clusters
Ass b the centroids from the leaf
clusters into an matri
t the matri
minimi ing the uantity
su ect to the constraint on the
num er of non ero elements
column of
Ass b the matrices and asin
in the te t using all the
matrices and from all passes
through steps
t the
with  clusters
s t inary tree with  leaf nodes
forming a partitioning of the entire data set

in each

tree for the system

igure M algorithm

is that and  are the same for each section he
appro imations to each section are assem led into
at negligi le cost

t this point we ha e a low memory representation
of the original data set e use to cluster

to get a clustering of eplacing the original

data matri with the factored form means that
the matri ector product will e replaced y the
product when computing the principal direction
of the root cluster of the tree

e start the cost analysis of clustering with
the cost of splitting of the root cluster he cost of
computing the matri ector product associated with

is

and the cost of computing the matri
associated with is

ector product

where  is the num er of anc os iterations to con er
gence ince is sparse only the non ero entries in
will participate in the product computation

here are now two leaf clusters in the tree which
are the left and right children of the root e will
assume that these two clusters are split ne t which



creates the ne t le el in the tree  he total cost

of computing these ne t two splits is

where and are the num er of data items in
the left and right children of the root respecti ely he
cost of computing the matri  ector product associated
with is the same for e ery cluster no matter
the num er of items in the cluster  he reduction in
cost for splitting smaller clusters seen in the analysis
of is only re ected in the terms associated with
computing the matri  ector product associated with
o unli e the results for on the original
data matri the cost of clustering increases with
each new le el in the tree
gain we will assume for the purpose of cost
analysis that we split the clusters such that we create a
full le el in the tree efore we create any lea es
onthene tle el e will again choose a num er of nal

clusters  such that is a power of herefore the
total cost of computing a tree using the product
representation in place of  is
log
he term re ects the fact that to produce
clusters splits must e computed his means
that the matri ector product associate with  must
e computed times
he result in is an upper ound on the cost
of M nce the clusters ecome small enough

it is less e pensi e to regenerate the original data and
compute the splits using ordinary he condition
re uired for this approach to e less e pensi e is

is the num er of data items in the cluster
is the cost of regenerating the data items and
is the cost of computing the split using the
regenerated data he e uation on the right hand
side of the ine uality represents the cost of computing
the split using the factored form as in
lge raic manipulation can e used to e pose the
condition

where

n practice it is possi le to eep trac of the num er
of iterations eing performed for each split and use
that num er and to estimate when it would e
ad isa le toreconstruct the data efore determining the
split  therwise the data might e reconstructed once
the memory re uired is elow a certain threshold ¢t is

possi le that for a gi en data set the relation in
may ne er e satis ed

a le  collects the cost for all the operations
performed y M epending on the num er of
attri utes in the data set and the choice of parameters
clustering the appro imation can e less e pensi e than
clustering using the original data set he wul of the
e pense of M is in o taining the low memory
representation of the original data

| peration | ost
taining log
omputing -
lustering log
a le ollected costs of producing a M clus

tering ee a le for a de nition of the parameters

T ts

e selected four real data sets to measure the per
formance of M hey were chosen to demon
strate that M will cluster the data using the
low memory appro imation as accurately as can
using the original data set 1l of the data can e clus
tered with on a machine with of memory

he e periments focused on comparing the perfor
mance of M when using multiple centroids to
appro imate each data item as compared to construct
ing a low memory representation using the centroid clos
est to the data item to appro imate the data item e
also include some e periments comparing M to
means with means eing performed on oth the
original data set as well as the low memory appro ima
tion

ata ts he solated etter peech
ecognition data set was ta en from the Machine
earning  epository he data was generated
y ha ing su ects spea the name of each letter
of the alpha et twice he attri utes were e tracted
from recordings of the spea ers and include contour
features sonorant features pre sonorant features and
post sonorant features total of attri utes were
e tracted from the pronunciation of each letter and
were scaled so they all lie on the inter al
here are a total of items a aila le when the
training and test sets are com ined he data rst
appeared in
he data set consists of te t documents
selected from  news categories from the we
site  his data set has een included to demonstrate the
e ecti eness of the algorithms on document collections



that might typically e retrie ed from the orld wide
e he data set consists of documents spanning
words he stop words remo ed and then the
words were stemmed using orters su stripping
algorithm he document ectors were scaled to until
length ut no other scaling was performed
he euters data set is a collection of
news articles he original data set has items
with total words in the dictionary e chose to
use only the documents which were associated with
a single topic per document  here were a total of
categories  he documents were processed in the same
manner as the  document set
he forest co er data set consists of oth con
tinuous and inary attri utes associated with the types
of forest co er in a meter s uare area  here are
continuous attri utes associated with measurements
such as position and ele ation inary attri utes asso
ciated with soil type and  inary attri utes associated

with wilderness area  here were forest co er types
in the classi cation ach data item had attri utes
and a total of data items in the set 1l of the

data were la eled with respect to the ind of tree grow
ing on the s uare ach attri ute was scaled to ha e a
mean of ero and a ariance of one

ct br A r at

tr s or this set of e periments we ed all the pa
rameters e cept  to the aluesshownin a le he
parameter alues used are representati e of a typical ap
plication of M hey are not the optimal alues
s a asis of comparison we constructed a representa
tion that used the same construction techni ues
as ut instead of computing a least s uares ap
pro imation to each data item appro imates each

original data item with the closest centroid
he results for the entropies of the four data sets

with arying are shown in igure hey are
normali ed with respect to a clustering of the
appro imation using the same herefore

any time a alue drops elow  using a least s uares
appro imation with  centroids is an impro ement o er
using the closest centroid or the data e amined
in the conte t of clustering not computing a
least s uares appro imation when using one centroid
gi es etter results or the isolet and reuters data
using more than one centroid to appro imate each data
item gi es etter clustering results than using ust one
centroid ut using to centroids appears to e as
good as using more  he results are erratic with
an ad antage to using to  centroids to appro imate
the data and no ad antage otherwise he forest co er
data is est ser ed y using the closest centroid to

| dataset | isolet | reuters | forest |

categories

dense dense

atasets and parameter alues used for M
e periments he isolet data is from Murphy
and ha the document data is from the
reuters data is the standard reuters data set select
ing the items which had only one topic assigned to them
and the forest data is from

a le

appro imate the data  ecall that the forest co er data
set has only categories and many of the attri utes
were con erted from discrete alues Many of the
original data items are ery li ely to e wuite close
together his means that using the closest centroid
pro a lyresultsin a ery accurate representation of the
original data items
e also compared a M clustering to a
standard clustering with the same alue for
he results are shown in a le n e ery case the
clustering uality with respect to entropy is impro ed
somewhat when using M he memory sa ings
are less stri ing with the document data sets ense
data sets seem etter a le to ta e ad antage of the
memory sa ings owe er a larger document data
set will pro a ly see a higher percentage of memory
sa ings since the num er of possi le attri utes in
document data sets is limited y the num er of words in
the dictionary which usually le els o with increasing

num ers of documents se pected M is more
e pensi e than owe er M has the
a ility to cluster data sets which cannot cluster
without the added e pense of paging ote how the

appro imation error

can e ery high yet the appro imation is su ciently
accurate to pro ide a good clustering of the data set

ar s t a s
he second set of e periments compares M with
awell nown clustering method means means has

the ad antage of eing simple to implement and the
draw ac that it is usually necessary to perform many
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igure ntropy alues for four data sets with an
increasing num er of centroids appro imating each
data item  he results are normali ed with respect to
a clustering of where was constructed
using the closest centroid to appro imate each data item
with no least s uares computation

| dataset
entropy

| isolet | | reuters | forest |

M
entropy
time
M time
memory
of M

error

a le omparison of and M cluster
ings for the four data sets using the parameters shown
in ale he appro imation error was computed as

random starts of means in order to insure that a good
clustering has een found
re ious results ha e demonstrated that using
a clustering to initiali e means can gi e a
good means clustering without re uiring restarts e
used the M clusterings with the parameters in
a le as a starting point and ran means trial per
data set to  iterations using the clustering found y
M as a starting point he means clustering
was performed using the low memory representation of
the data
s a asis for comparison we ran random
start means trials using the appro imation to the
data computed with the parameters shown in a le
and a eraged the results  ach trial was ta en to
iterations whether or not it con erged e elie e this
is a realistic application of means to large data sets
since most of the data point mo ement occurs early and
true con ergence can ta e an e tremely long time he
smaller data sets often con erged efore iterations
ut other tests on the forest co er data didn t show
con ergence in e en iterations
he entropies for the means trials are shown
in igure and are normali ed with respect to the
a eraged random start trials mentioned in the pre ious
paragraph means gi es a etter clustering than
M owe er using M clusters as an
initiali er to means can gi e etter results than either
method will indi idually he only data set which
didn t show e en slightly etter results when using the
M clusters as a starting point was the forest
co er data set  he isolet data apparently clusters well
with means so littleimpro ement was noted he two
document data sets and reuters had a etter than
a erage clustering after only iteration of means using
the M clusters to start he results indicate
that using M clusters as a starting point for
means clustering will at least nd an a erage means
clustering in ery few iterations as compared to random
start means and does not re uire repetition to insure
good results
e also ran e periments for means run on the
original data sets e carried the means to
iterations and a eraged the results o er trials
comparison with random start means using the
representation of the data is shownin a le or three
of the data sets e amined means has etter entropy
alues when using the original data as compared to
using the appro imation nly the data had etter
results when clustering the appro imation
f the results in a le are compared with those
in a le it can e seen that means on the original
data produced a etter clustering with respect to en



Entropy Values for 4 Data Sets, PMPDDP-seeded K-means
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number of iterations
igure ntropy alues for the four data sets using
M clusters as the initial centroids for —means

with the parameters from a le means was
performed using the appro imation in place of the
original data  he results are normali ed with respect to
the entropy after  iterations of random start means
using the same appro imation a eraged o er
trials

tropy than M for e ery data set e cept the
data  he isolet reuters and forest data cluster well
on a erage using means owe er means typically
re uires many iterations to compute a good clustering
of the data and many random starts to nd a good
clustering although pro ides a method to get ini
tial centroids which does not re uire random restarts

M is faster and does not re uire any restarts to
insure that a good clustering has een found

he iteration times were uite high when cluster

ing the appro imations of the document data sets
and reuters he means code is irtually identical
for oth cases so we e pect that there is a speed is
sue associated with a sparse matri multiplication of the
appro imation he distances etween the cluster cen
troids and the data points for oth cases were computed
using loc ing with  columns per loc herefore
when clustering the low memory representation only
columns of data were reconstructed in memory at any
gl en time

caab t e ran an e peri
ment to determine the scala ility of M he for
est data set was used since it is the largest data set we
considered in this wor e used the same parameters
asin a le ut computed the M tree starting

means on M
entropy

means on
entropy

means on M
time

means on
time

ale omparison of means clusterings on the
original data and on the appro imation where
was constructed using the parameters shown in
ale means was run for iterations and the
results were a eraged o er  trials

with random samples and increased the sample
sie y at e ery step until we clustered the entire
data set  he results for the amount of time ta en to

cluster the data are shown in
that M
this data set

igure he results show
is linear in the num er of data items for

Clustering time for forest cover data, varying number of samples
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igure M clustering time using arious su
sample si es of the forest co er data set  he remaining
parameters are the same asin a le

CcC S

ppro imations to the data are often constructed as an
aid when clustering large data sets  he usual solution
is to create ectors which resem le cluster centroids
and then assign each original data item to the closest
ector hese appro imations are either creating during
a clustering process or used to cluster the data once



they are constructed

e presented M which is clustering algo
rithm which uses more than one ector to appro imate
each dataitem he data were di ided into small pieces
and an appro imation to each piece was constructed us
ing the centroids from a clustering of the piece of data

ach data item is e amined during the process which

computes the low memory representation and no data
items are remo ed from consideration he appro i
mations were then gathered and clustered at once to
produce a clustering of the entire original data set

M was a le to cluster the data to greater
accuracy than for the data sets e amined he
low memory representation of the original data sa ed
a signi cant amount of memory while still pro iding a
uni ue representation for each data item

e also demonstrated that the low memory repre
sentation can e used to nd a means clustering of
the data i en su cient time and random restarts
means found a etter clustering than M ow
e er the com ination using M clusters as the
starting point for means can produce clusterings ei
ther e ual to or superior than means on its own in
less time and without re uiring random restarts
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