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Abstract

In the area of data clustering in high dimensional space, one of the difficulties is the time-consuming process for
computing vector similarities. It becomes worse in the case of the agglomerative algorithm with the group-average
link and mean centroid method, because the cluster similarity must be recomputed whenever the cluster center moves
after the merging step. As a solution of this problem, we present an incremental method of similarity computation,
which substitutes the scalar calculation for the time-consuming calculation of vector similarity with several measures

such as the squared distance, inner product,

cosine, and minimum variance. Experimental results show that it makes

clustering speed significantly fast for very high dimensional data
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1. Introduction

High dimensionality is one of the important aspects to
be considered in clustering large data. When the data are
represented on high dimensional space, the calculation of
the cluster similarity requires high cost of computational
resource due to the vector manipulation itself. As the
dimension of the data space increases, the computational
time for cluster similarity becomes a critical factor.
There are several well-known methods for the
dimensional reduction, such as the singular value
decomposition {1], the feature selection [2] [3], and the
projected clustering [4]. In many cases, however, these
are not so practical since they require high computational
cost, sometimes the cost of the reduction in these
approaches overwhelms that of the clustering itself. Even
these approaches become infeasible when the principal
features vary over time.

To cope with the problem of high dimensionality, we
propose a method of incremental similarity computation
which drastically reduces the amount of computation for
high dimensional input data by substituting scalar
calculation for time-consuming vector calculation in
computing the cluster similarity by an incremental
manner.

In the incremental clustering algorithm, every input
data is set as a new cluster until the number of clusters
exceeds the predefined limit. When the limit is reached,
the most similar cluster pairs are found and merged to
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keep the limit. The similarities of the cluster created by
merging must be recalculated against all other clusters,
which brings about a great deal of vector operations
because it is heavily repeated for all merging steps.

In this paper, we introduce the way of computing
vector similarities by means of scalar operations using
geometrical properties to get such similarity measures as
the squared distance, the cosine, and the inner product,
even up to the minimum variance in the agglomerative
hierarchical clustering with mean centroid method.

This paper is organized as follows: we describe how
the incremental clustering method is applied to each
similarity measures. Subsequently, we show the
experimental evaluation of the proposed method. And we
finally summarize the results as our conclusion.

2. Incremental Computation Methods for
Cluster Similarity

The main idea is to devise an incremental method for
vector similarity computation since many part of vector
similarity is computed after cluster merging in order to
estimate the similarity of the cluster created by the
merging step. Here, the similarities between the created
cluster and the others can be inferred from the previous
similarities related with two clusters which are merged
to create new cluster. The important thing here is that it
can be done without vector computation such as inner
product and vector cosine.

Now we will define general functional formation for
the incremental computation of cluster similarity. As
Figure 1 describes, the cluster x and y are going to be
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merged to cluster n. The target which must be computed
is the similarity between cluster n and the other cluster
w. The available information sources given are the
similarities between cluster w and x, cluster x and vy,
cluster w and y, and the merged cluster element ratio
which determines the relative position of n on xy line.
The ratio is equivalent to xn/ xy . Then the similarity
between cluster n and w can be defined as equation (1).
Figure 1 describes the functional formation on the vector
space.

sim(w,n) = f(sim(w,x).sim(x,y).sim(w, y), xn/xy)(1)

This function should use only scalar calculation or
triangular function without any vector operation. For the
similarity of absolute or square of vector difference, the
function can be easily derived based on geometrical
property. We will describe about it next.

Fig. 1. Cluster merging step : X, y is the most similar
clusters, n is the new cluster created by merging,
w represents one of the other clusters

2.1 Incremental Vector Similarity Equation for Geo-
metrical Distance

The similarity for squared geometrical distance is
defined as equation (2)

sim(p,q) = |p - al’ 2

The similarity between w and n becomes the squared

length of the line wn. The formula for the incremental
similarity computation becomes the equation (3).

sim(w,n) = wn’ = f(wx’, xy%, wy’, a) 3

where a= xn/xy. It can be expressed with the edge
line and the angle of the triangle 4won as equation (4)
by cosine theorem.

wn’=xw’+xn?—2- xw- xn- cos(Lwxn) 4)
Xn=a- Xy

The cos( £ wxn) value is converted with the line
length of triangle Adwxy like equation (5)

cos(£wxn) = cos(£Lwxy)

o ()
wx2-f-iyz—_wy2
2+ wx- wy

Finally the similarity for vector w and n is derived
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from previously computed values by applying equation
(5 to (4).

~wnf=xwi+(a-xy)-a- (wx? 4%y - wy)(6)

=1

2.2 Incremental Vector Similarity Equation for Inner
Product and Cosine measure

The similarity for inner product is defined as equation
(7).

sim(p, @) =p-q (7)
The corresponding formula for incremental similarity

is defined as follows.

sim(w,n)=w n=f(w *x,Xx y,W -y,a= xn/xy)

(8

The inner product can be replaced by the line
component of triangle dwon by cosine theorem

w-n =|w1-|n|-cos(zéwon)
- . __tw®+ [nl®— wn®
|W1 'n| 2"W|'|nl
= $(w’ +[nl - w0

9

‘wn? term can be replaced by known values such as
line length values and the input parameters in the
function for incremental similarity ()

2

wnl = xw?+ xn’ —2- xw- xn- cos(Lwxn)

Tw® = ox’+ ow® 2 ox- ow- cos(ZLwox)
2 2
=2 "+ lw" —2-2-w
m=a-xy

- ) ‘
wi=ld"+|y*-2-x-y
e 2

wyl=lwl" + |y -2 -x-y

—2 T2 T2

- — xw’+ xy®— wy®
cos{ £ wxn) = cos(Luxy) = ¥ +xy"— w
, 2 xwe xy

Uxl"—x- w—x-y+ w-v)

xw e xy
2=§ﬁ2+};2—2~ﬁ-ﬂ
(o' —x - w—x-y+ w-3)
XWXy
= |x|22+|w|22—2-x'w+a2-
(I, + 15" =2 %+ 3) —2a-
(Jzdl*—x- w—x-y+ w- y)

own

(10)

Consequently, the inner product similarity is deduced
in the incremental similarity functional formation. Now
the inner product similarity can be computed from the
previous similarity values and squared absolute vector
values in equation (11). Absolute value of the vector can
be included in incremental method because its value is
static for the given vector.

LW n = %{|n|2—|x|2+2- x-w—a’

'(|X|2+|Y|2'2'X'Y)+23
(Ix = x-w—x-y+ w-y)}

an
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Now we can calculate the inner product similarity
incrementally using equation (11). By the way, there is
another way to get the inner product with equation (9).
We already showed that the term wnZcan be replaced
by line component in equation (6). Therefore, by
managing squared distance similarity matrix as described
in the previous section, inner product value can be
directly computed with equation (9) and (6).

The cosine similarity can be directly computed from
the inner product similarity which is computed incre-
mentally

w-n

cos( £ won) = wl - |al

(12)

2.3 Incremental Similarity Computation for Minimum
Variance Clustering

The similarity value for minimum variance clustering
[5] [6] can be defined by the amount of variance increase
when two clusters are merged. Among all the cluster
pairs, the pair which has minimum increment of variance
is selected to be merged for each step.

sim(1,j) = dE;= E;~ (E; + E)) (13)
E, = x@(’xk_ CiIZ = N;U'zl'

where E; is the total amount of variance in cluster i,
¢ is i-th cluster centroid, N; is the number of element in
cluster i. Then the similarity is defined by the increment
of total amount of variance, 4Ej;. ¢. is the variance. ¢;
is the merged cluster of ¢ and ¢, and is determined by
the center of gravity between two clusters.

d=n Slu—cl=F Siul-le a4
%= TN, +N,

In order to apply incremental computation method, the
similarity equation can be derived with the terms of
cluster and number of element as follows.

AEi/ = Ei/'“ (E1+ E])
= Nyo§— (N;6} + Nio))
= xg( |xk|2 - Nzy|ij|2
- Zlal’+ Nilel’ = 21zl + Nicl®  (15)
N,'C,’+ N,‘Cj 2

=N1'|Ci|2+Nj|le2_Nij N,

_ N&NJe;— cz-l2

The equation (15) shows that the increment of
variance can be computed by the squared distance of
two clusters lci - ¢, and their number of elements N;
and N,. We showed before, the method of incremental
computation for squared distance similarity.

Consequently, the similarity of minimum variance
clustering, 4E; can be computed in an incremental way
by managing incremental squared distance similarity
method, by applying the square distance value to
equation (15) to get A4Ej; value. It makes clustering
drastically fast for high dimensional data space.

3. Experimental Resulis

We constructed the collaborative filtering model using
Pearson correlation measure (8] [9] in order to compare
clustering results. This system receives input data which
is clustered by the clustering algorithms proposed in this
paper. We regard given clustering result as better when
the collaborative filtering result is more accurate. We
adopted precision as an accuracy measure. The precision
is defined by the number of correct answers divided by
number of answers which the system gives.

the number of correct answers
the number of answers

precision = (16)

We used EachMovie data on public domain [7]. It
consists of 2,811,983 transactions in which 72,916 users
rated for 1,628 items.

Fig. 2 shows the results for the incremental cluster
similarity computation for inner product. The time spent
for the inner product and the cosine similarity calculation
is almost same since one of them can be directly
computed from the other. It shows that the clustering
time spent for incremental method is less than
non-incremental way as in Figure 2(a). We can also see
that the precision does not be changed significantly. It
means there is no significant difference in computational
results between incremental and non-incremental
method. The slight difference can be made by the
inaccuracy of triangular functions and the accumulated
errors. Figure 3 shows the results for the squared
distance similarity computation. The result of minimum
variance can be directly inferred from squared distance
similarity as equation (15), therefore there is no time
difference between them. It shows that incremental
method is significantly faster then non-incremental way
Fig. 3 (a), without severe accuracy degradation Fig. 3 (b)
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(b) Precision
Fig. 2. Incremental cluster similarity computation for inner
product similarity. Training data size is 3000, test
data size is 1000, and the number of recom-

mendation : 10
16000
14000
§ 12000
2 10000
g a0
&
6000
g
= 4000
2000
D i . A J N S i S ) L A [y 1
< D
The number of clusters

{a) The spent time

precision
© o o o
[#] B, [¢)]
R T N £l

—e— non-incremental
—=— jngremental

(S
IS SRS N
:

A i : ) Y A PSR N A A, 3

- N S N YT O N
N

Y—mwv—-f\)\h

(8}

{b) Precision
Fig. 3. Incremental cluster similarity computation for square
distance similarity. Training data size is 50000,
fest data size is 5000, and the number of recom-
mendation @ 10

A_ Conclusions

For dealing with the problem of high dimensionality in
clustering large data, we proposed incremental similarity
computation method for several similarity measures such
as squared distance, inner product, cosine, and minimum
varlance in agglomerative hierarchical clustering. The
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incremental method replaces vector operation with scalar
operation which results in computational speed up for
high dimensional vector space. The experimental results
show that incremental method is significantly faster than
non-incremental way without sever accuracy degra-
dation.

There are many approaches to speed up clustering
algorithm process for large data. Most of them are based
on approximation resulting in accuracy damaged. Our
work does not bring about accuracy degradation because
it is not desighed using approximation mechanism. So it
can contribute fo make many other clustering algorithms
more feasible for high dimensional data when combined
with other approach.
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