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Abstract

In this project, we introduce the concept of intrinsic “fractal” dimension of a data set and
show how this can be used to aid in several data mining tasks. We are interested in answering
questions about the performance of a method and also in comparing between the methods
quickly. In particular, we discuss two specific problems — dimensionality reduction and vector
quantization. In each of these problems, we show how the performance of a method is related
to the fractal dimension of the data set. Using real and synthetic data sets, we validate
these relationships and show how we can use this for faster evaluation and comparison of the
methods.
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1 Introduction

Many real life data sets have a large number of features, some of which are highly correlated.
These correlated attributes contribute to the increase of complexity of any treatment that has to
be applied to a data set (i.e., spatial indexing in a DBMS, density estimation, knowledge retrieval

in data mining processes).

Also, these correlations often reveal interesting patterns and useful information hidden in the
data. Data mining tasks such as dimensionality reduction, classification, clustering, learning pat-
terns assist us in determining these patterns. These patterns can be seen as an indicator of the

way the data points are spread in the data space.

A problem of interest is to perform these tasks efficiently and make inferences about the data
quickly. In this project, we introduce the concept of “fractal” dimensions and show how we can
use it to aid us in several data mining tasks. Fractal dimension is an estimate of the degrees of
freedom of a data set. This we believe gives us an idea of the manner in which the data is spread
in the data space. The spread of the data is usually related to the amount of information that we
can obtain from the data. Also, the performance of a given data mining method is evaluated on
the basis of the information it captures. However, implementation of most data mining methods
is expensive and requires large computation time. We show how we can use the fractal dimension

of a data set for making faster and better inferences.

In section 2, we introduce the problems addressed in this project. The concept of “fractal
dimension” is introduced in section 3. In sections 4 and 5, we discuss two specific problems in
greater detail and describe how we use the concept of “fractal” dimension in these problems. For
each of these problems, we make some hypotheses and justify them using real as well as synthetic
data sets. A brief discussion of the contributions of this project is listed in section 6 and the

conclusions are presented in section 7.

2 Problem Definition and Motivation

The large number of correlated features increase the complexity of any treatment that has to be
applied to a data set. This phenomenon is referred to as the curse of dimensionality [1] or as
the empty space phenomenon [26]. However, a phenomenon which appears high—dimensional, and
thus complex, can actually be governed by a few simple variables/attributes (sometimes called

hidden causes or latent variables). A good dimensionality reduction method should be able to



ignore the redundant dimensions and recover the original variables or an equivalent set of them,

while preserving the topological properties of the data set.

For the dimensionality reduction problem, we are interested in answering the following ques-

tions:
e Can we quickly determine the optimal dimension for the reduced space?
e Given two dimensionality reduction methods, how can we quickly compare the two methods?
e Can we do this in a way that is scalable to larger data sets?

Vector quantization is a lossy data compression method based on the method of block coding.
Each data point is represented using a code vector. This is similar to the idea of clustering where
the points in each cluster is represented by the centroid of the cluster. Several methods have been

proposed for vector quantization and we are interested in answering the following questions:

e Does the performance of a vector quantizer depend on the data set?
e For a given data set, is there a limit to the performance of a vector quantizer?

e Can we do all this in a way that is scalable to larger data sets?

For each of the above methods, we show relations between the methods and the “fractal” di-
mension of the data set. Using real and synthetic data sets, we establish these relationships and

show how we can use this for faster inferences about the data mining methods.

We first discuss the concept of fractals and that of “fractal” dimension of a data set in greater

detail.

3 Fractal Dimension

Vector spaces may suffer from large differences in their embedding dimensionality and their
intrinsic dimensionality. We define the embedding dimensionality E of a data set as the
number of attributes of the data set (i.e. its address space). The intrinsic dimensionality 2
is defined as the real number of dimensions in which the points can be embedded while keeping
the distances among them. It is roughly the degrees of freedom of the data set [5]. For example,
a plane embedded in a 50-dimensional space has intrinsic dimension 2 and embedding dimension
50. This is in general the case in real data applications and it has led to attempts to measure the

intrinsic dimension using concepts such as “fractal” dimension [9].



A fractal by definition is a self-similar point set. It consists of pieces which are similar to the
original point set. For example, in Figure 1(b), we have the Sierpinski triangle. This consists of

three smaller pieces that is similar to the original data set, each scaled down by a factor of 2.

Consider a perfectly self-similar object with r self-similar pieces, each scaled down by a factor
s. The fractal dimension Z for this object is given by

9_lnr (1)
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Figure 1: Self-similar (fractal) data sets and their correlation integrals. Figure (c) shows the

plot of the log number of pairs to the log of the radius. The sine wave has slope D=1, and the

Sierpinski triangle has slope D=1.57 with behavior between a line(D = 1) and a plane(D = 2)
For example, the Sierpinski triangle has » = 3 and s = 2. Thus the fractal dimension of the

Sierpinski triangle is given by 2 = In r/ln s ~ 1.58.

In theory, any self-similar object should have infinitely many points as each self-similar piece

is a replica of the original object. But in practice, we observe only a finite sample of the object.



For the finite data sets, we say that the data set is statistically self-similar on a given range of
scales (Tmin, 'maz) on which the self-similarity assumption holds. A given finite data set is said

to be statistically self-similar if it obeys the power law in the given range of scales.

To measure the intrinsic (fractal) dimension we use the slope of the correlation integral [9].

The correlation integral C(r) for a data set is defined as:
C(r) = #(pairs within distance r or less) (2)

Then, the “fractal” dimension of the data set is defined as the exponent of the power law. Intu-
itively, the correlation fractal dimension indicates how the number of pairs (number of neighbors

within a distance r) increases with increase in the distance
number of pairs(< r) oc 7P (3)

Of course, for a perfectly self-similar object, 2 = D [25]. In Figure 1, we have two data sets
on a plane. The first is a simple sine curve and the second one is the Sierpinski triangle. Both
data sets have an embedding dimension [E = 2. The correlation integral shows that the first data
set has fractal dimension close to 1 as expected (one degree of freedom). However, the fractal
dimension is not always an integer, nor does it always correspond to the degrees of freedom. For
example, the Sierpinski triangle has a correlation “fractal” dimension of 1.57 which is more than

that of the sine curve but less than that of a uniform distribution on a plane.

We use “fractal” dimension as a measure of the spread of the data and hence the intrinsic
dimension of the data set. A fractal dimension of 0 means that there is no spread and a fractal

dimension equal to E means that the spread is maximum.

4 Dimensionality Reduction

The problem we want to solve is the following:
Given a data set, and two dimensionality reduction methods, we want to find a tool to compare
the performance of these methods in various data mining tasks. We want to do this comparison

when the data mining task is not yet specified.

The goal is to find a tool to measure the success of a dimensionality reduction method in a
way that is scalable to large data sets. Also, we want to be able to compare the performances
of several dimensionality reduction methods without having to do cross-validation and without

knowing the data mining task that is of interest. For any given dimensionality reduction method,



we also want to be able to find the optimal number of dimensions to which the input space must

be reduced.

The performance of a method is measured using several data mining tasks (reconstruction,
classification, etc) that measures that amount of information preserved by the dimensionality

reduction method.

4.1 Survey

Dimensionality reduction is important in many types of applications. In database applications,
query performances degrade as the dimensionality increases. In classification applications, the
estimation in sparsely sampled high dimensional spaces affects the reliability of the obtained
classification results. In statistical applications, multivariate density estimation based on the
maximum likelihood (e.g., EM algorithm) is quite slow, result in many sub optimal solutions, and
depend strongly on initial conditions. In each of these cases, a good dimensionality reduction
method helps us in making these problems simpler.

Common approaches used for dimensionality reduction rely on parametric and non—parametric

models. Here we describe some of these dimensionality reduction methods.

4.1.1 Principal Components Analysis

In Principal Components Analysis (PCA), the data is summarized as a linear combination of
an orthonormal set of vectors [16]. The first principal component accounts for as much of the
variability in the data as possible, and each successive component accounts for as much of the
remaining variability as possible. This is the same as performing the singular value decomposition
of the covariance matrix A as U A V', where A is diagonal matrix of eigen-values, and U, V are
orthonormal. We then set the lower eigen-values to zero to determine the reduced space. PCA
is also referred to as Latent Semantic Indexing [6], Karhounen—Loeve transform [8] and Singular

Value Decomposition in different applications.

4.1.2 Factor Analysis

Factor Analysis (FA) assumes that the data is a linear combination of real-valued uncorrelated
Gaussian sources (i.e., latent factors) [13]. After the linear combination, each component of the
data vector is also assumed to be corrupted with additional Gaussian noise u. The generative
model is given by:

t=Az+u ,zeR? zeR™ uweR? m<d (4)



where A is known as the factor loading matriz.

Fact or Loadi ngs
(Lambda’ s)

Cbserved val ues

o

ul u2 u3 usd ub

Figure 2: Simple path diagram for a factor analysis model

The goal of factor analysis is to find the factor loading matrix and determine the reduced space

usually using EM-algorithm [13].

4.1.3 Artificial Neural Networks

Artificial Neural networks (ANN) can be used to implement some statistical methods as well [4].
The Self-Supervised MLP architecture (a.k.a. autoencoder) implements a mapping between two
vector spaces using two layers of linear perceptrons with d input, m hidden units and d output
trained to replicate the input in the output layer minimizing the squared sum of errors with back-
propagation. This approach is called self-supervised, referring to the fact that during the training

each output sample vector is identical to the input sample vector [7].

We use a five layer network with linear activation function for the input and output layers.
We also have linear activation function for the middle layer. For the other two layers, we use a

sigmoid activation function.

The process of dimensionality reduction consists of finding coding and decoding functions G
and F that are (approximately) functional inverses of each other using back-propagation (see
Figure 3) L.

'We use the nodelib library to implement this network
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Figure 3: The Self-Supervised MLP architecture: d-inputs, d self replicated outputs and m hidden

nodes

4.2 Proposed Conjecture & Approach

Consider a data set in a high-dimensional space. The goal of a dimensionality reduction algo-
rithm is to determine an equivalent set of points in a lower dimensional space so that the pairwise
distance between the points is more or less maintained. Consider a dimensionality reduction
method that projects all the data points to the same point in the lower dimensional space (see
Figure 4(b)). Clearly, this is not a good method as we lose all the information about the variation

in the data points in the original space.

Is there a fast way to determine which method is better? We now propose our MazFD hypoth-

esis.
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Figure 4: Projections of the same two dimensional space into a one dimensional space



Conjecture 1 MaxFD
With all other parameters being equal, a dimensionality reduction method which achieves higher

“fractal” dimension in the reduced space is better than the rest for any data mining task.

A very informal argument is that if one dimensionality reduction method has a higher fractal

dimension than another, then the latter method has probably lost some degrees of freedom.

We show that, using real data sets, this holds true, and therefore the fractal dimensionality of
the resulting feature space can be used as an a—priori index for the final performance of various
data mining tasks. For example, in Figure 1, the sine wave is less spread than the Sierpinski

Triangle which is again less spread than an uniform distribution on the plane.

4.2.1 Experimental Setup

For practical applications, data preprocessing is often one of the most important stages in the
development of a solution, and the choice of preprocessing steps can often have a significant effect
on generalization performance [3]. In our data sets, different variables have typical values which
differ significantly. However, the typical size of the inputs do not reflect their relative importance
in determining the outputs. We perform a linear re-scaling of the input variables independently

by subtracting their mean and scaling by the standard deviation.

We compute the fractal dimension of the data sets (see Section 4.3) using the correlation in-
tegral and the classification errors on the original data using all the attributes computed by a

Decision Tree and a K-Nearest Neighbor classifier?3.

We then apply the described dimensionality reduction methods (PCA, Factor Analysis and
Artificial Neural Networks) for each of the data sets for various values for the dimension of the
reduced space. After applying dimensionality reduction methods, we measure their performance
in terms of the reconstruction and classification powers of the reduced feature set. At the same
time, we estimate the change in the topology structure of the reduced feature space using the
fractal dimension of the projected data. We then show the relation between fractal dimension
and the various dimensionality reduction methods in terms of their performance in various data

mining tasks.

2The DT classification is based only on the information given from a single attribute in predicting the class,

while the KNN classification uses the topology structure to determine the class.
3We use C4.5 to build our decision tree for classification task [24]
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4.3 Experimental Results
4.3.1 Data sets

In order to validate our hypothesis, we apply the dimensionality/feature reduction methods to a
few real data sets. We scale the data according to the method proposed in the previous section
and compute the fractal dimension of the original and the re-scaled data sets using the correlation

integral. We use the following data sets for our analysis:

e Protein Images: 862 records and 84 attributes showing the images of 10 sub-cellular patterns
in HeLa cells described in [20];

o Motion Capture Data: 97 records with 79 attributes measuring the various angles of joints

of a human actor during running motion;

e Basketball data: 459 records with 47 numerical attributes showing basketball statistics from
the 1991-92 NBA season, including minutes played, field goals, rebounds, and fouls used
in [17];

e Hockey data: 871 players with 14 attributes like games played, goals scored, assists made,
points scored and classes indicating their positions (Center, Right, Left, Defense, Goal) used
in [22].

Here, the Protein Images and Hockey data sets are labeled data sets. For these data sets, we
look at the classification errors in addition to the reconstruction error.

We vary the number of features for the reduced space (k) and perform dimensionality reduction
for each of these values. For each of the reduced spaces, we compute the fractal dimension using the
correlation integral to show the correlation between the data mining capabilities and the fractal
dimension. To evaluate the performance of the dimensionality reduction method, we compute
the reconstruction and classification errors*. We repeat this for each of the data sets mentioned
above. According to our MaxFD conjecture, the higher the fractal dimension of the reduced

space, lower is the error. We perform experiments to answer the following questions:

1. For a given dimensionality reduction method, we want to determine the optimal dimension

of the reduced space.

2. Given several dimensionality reduction methods, we want a tool to compare their perfor-

marnces.

3. We want to do all this in a way that is scalable to large data sets.

4We use 5-fold cross-validation and t-test to verify the statistical significance of the different results.
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4.3.2 MaxFD and target dimensionality (l;:)

Notice that for each data set and the different dimensionality reduction methods, the reconstruc-
tion and classification errors decrease with increase in the number of dimensions in the reduced
space (see Figures 5, 6). Also notice that these errors stabilize after a certain stage. The fractal
dimension of the data set also increases with the increase in the number of dimensions and stabi-
lizes when the errors stabilize. Each of the plots are dual-azis plots. Notice that the left Y axis
shows the errors and the right Y axis shows the fractal dimension. The X axis shows the different

number of features retained.

The vertical line in each of these plots indicates the number of retained features k after which
there is no significant change in the fractal dimension of the reduced space. This point indicates

the point of flattening of the curves.

Once the fractal dimensions stabilize, notice that the measures of error also stabilize. This
indicates that once the fractal dimension of the reduced space stabilizes, then there is no significant
increase in the improvement of the reduced space. Thus, we can use the fractal dimension as an
indicator for determining the optimal number of dimensions. The point of flattening of the fractal

~

dimension can then be used as the target dimension for the reduced space (k).

4.3.3 MaxFD and choice of dimensionality reduction method

~

Once we have determined the optimal number of features (k) to retain, we can then look at the
relation between the error and the fractal dimension of the reduced space based on the various
methods. For the sake of comparison, we include two additional methods for reducing the num-
ber of dimensions — namely High Variance and Random. We pick k variables with the highest
variances before scaling for the High Variance method and pick k attributes randomly for the
Random method. Figure 7 shows the plot of the various errors against the fractal dimension for
a fixed dimension of reduced space and different dimensionality reduction methods. The dotted
line has been drawn manually to serve as a visual aid. The results from the original data set
with all attributes is also shown. Notice from the plots that the good dimensionality reduction
methods gives a lower error and a higher fractal dimension. The higher the fractal dimension of
the reduced space, the lower are the errors of our data mining tasks among the different dimen-
sionality reduction methods. This gives us a way of choosing the best dimensionality reduction

method for a fixed number of dimensions in the reduced space.

Why does it work? MaxFD tries to find the real degrees of freedom of the data set. This in-

12
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Figure 5: Dual-azis plot: plot of errors (reconstruction, decision tree classification & KNN classi-
fication) and fractal dimension (FracDim) against the number of retained features using different
methods for the Protein and Motion data sets. Note that the errors stabilize when fractal dimen-
sion D = 3.5 and 2.5 for Protein and Motion data sets, respectively. Here, the optimal dimension

(k) of the reduced spaces are 8 and 7 for the protein and motion data sets respectively as indicated

by the vertical lines 13
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Figure 7: Comparison of several dimensionality reduction methods for a fixed embedding dimen-

sion (5) for the Protein data set. Notice that higher the fractal dimension, lower is the error.

tuition is best explained in Fuclidean data sets where the fractal dimension measures the degrees
of freedom of the data set. MaxFD retains the natural degrees of freedom in the data set. A
bad projection (as in Figure 4(b)) reduces the fractal dimension of the reduced space and this is
picked up by MaxFD.

Why should we use this? Evaluating a dimensionality reduction technique is usually an ex-
pensive task depending on the type of data mining task we are interested in. This usually involves
cross-validation to effectively evaluate the performance of the reduced space. However, computa-

tion of MaxFD scales linearly to the number of observations in the data set [27].

How can we use it? We showed that the fractal dimension of the data set seems strongly
correlated with the various data mining tasks and can be used to measure the performance of the

dimensionality reduction. We can use this information to find

e A better method to determining the optimal number of dimensions of reduced space (better

15



than using 95% of variance as the criterion that SVD/KL recommends [10]).

e For a given dimensionality reduction method, MaxFD helps us determine the target dimen-

sionality of the reduced space

e For a fixed dimension for the reduced space, MaxFD helps us determine the method that

gives the best results for various data mining tasks

e A faster and scalable way to determine the performance of the dimensionality reduction

method

4.3.4 Other error metrics

Errors
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Figure 8: Comparison of different error metrics for the reconstruction error in the protein data
set. Notice again that we have a dual-axis plot with the different error metrics on one Y-axis and

the fractal dimension on the other Y-axis.

In the experiments above, we used squared error loss as our error metric for computing the

reconstruction error. However, for different problems, we might be interested in using different

16



error metrics.

A good dimensionality reduction method should be able to preserve the information that is
stored in the data set. This is independent of the type of distance metric we use or the type of
errors. As a result, we expect the MazFD conjecture to hold true even with different metrics. For

the protein data set, we show results using the L; and Lo distance metrics. °

Notice than even with the L1 metric, the reconstruction errors from each of the different dimen-
sionality reduction methods stabilize after some time. Also notice that when these errors stabilize,
the fractal dimension of the reduced space also stabilized (see Figure 8). This further leads us to
believe that the MaxF'D conjecture might hold even for other distance metrics. However, further

experiments are needed to make a stronger conclusion in this regard.

5 Fractal Dimension and Vector Quantization

Vector Quantization is a lossy data compression method based on the principles of block coding.
Each observation in the data set is represented by a fixed number of representative points that
are chosen to reduce the loss. In a single dimension this is called scalar quantization and the idea
is similar to “rounding off” (say to the nearest integer). For example, if we represent 16 bit values
by the 8 most significant bits, then we get an approximation of the original data at the expense

of precision.

A vector quantizer maps a data set in a n-dimensional data space into a finite set of vectors
Y = {y;,i = 1,2,...k}. Each vector y; is called a code vector or a codeword (representative
element). The set of all codewords is called a codebook. Associated with each codeword y; is a
nearest neighbor region called Voronoi region containing all points that are closer to y; than to

the other codewords.

Vector Quantization is used in compression algorithms for data transmission or storage. Each
input vector can be associated with an index of a codeword and this index may be transferred
instead of the original vector. The index can then be decoded to get the codeword that it repre-

sented.

The problem we are interested in is as follows:

SWith the L3 or Lo, norms, there is a difference in magnitude of the errors. As a result, the results cannot be

easily compared to the results from the L — 2 norm.
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1. Does the performance of a vector quantizer depend on the data set? If so, how?

2. Is there a limit to the performance of the Vector Quantization algorithm for a given data

set?

3. Can we determine all this in a fast and scalable way?

5.1 Survey
5.1.1 Quantization

Quantization is the discretization of a continuous-alphabet source [12, 23]. The source refers to
the mechanism that generates the data to be encoded and usually is modeled by some particular

probability distribution.

Scalar Quantization: Scalar (one dimensional) quantization is a data compression technique
that approximates a source symbol by its closest (minimum distortion) representative from a
predetermined finite set of allowed values (codewords) stored in a codebook. The distortion, d, is
a measure of overall quality degradation.

It is an assignment of a non-negative cost d(X, X ), associated with quantizing any input value
X with a reproduction value X. Given such a measure we can quantify the performance of a
system by an average distortion D = Ed(X, X ) between the input and the final reproduction. In

practice, the overall measure of performance is the long term sample average or time average
1 n
d= lim — D d(Xi, X)) (5)
i=1

where {X,} is a sequence of values to be encoded [12]. If the process is stationary® and ergodic’,
then with probability one the above limit exists and it is equal to the statistical expectation, i.e.,
d = D. The most common distortion function, is the mean squared error E[(X — X)?], where

X is the final reproduction of any input value X. This is the distortion measure that we will adopt.

In scalar quantization the index of the closest codeword is determined during encoding, trans-
mitted or stored, and used to look up the codeword at the decoder. This is done instead of sending

the actual value in order to save bandwidth (for transmission) or space (for storage).

6A random process is stationary if the probabilities of all events are not affected by time shifts.
"A random process is ergodic if, with probability one, all the statistical averages can be determined from

a single sample function of the process. In effect, the random process is ergodic if time averages obtained

from a single realization are equal to the statistical averages.
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We define an N-point scalar quantizer Q as a mapping @ : R — C where R is the real line and
C = {y1,y2,...,yn} C R is the codebook of size N. The output values, y;, are referred to as

reproduction values.

Every quantizer can be viewed as the combined effect of two successive operations (mappings),
an encoder, £, and a decoder, D. The encoder is a mapping £ : R — Z where Z = {1,2,..., N},
and the decoder is the mapping D : Z — C. Thus, if Q(x) = y;, then E(z) = i and D(i) = y;.
With these definitions we have Q(z) = D(E(x)).

Vector Quantization: Vector quantization (VQ) is an extension of the previous scheme to a
block or vector of source symbols and vector codewords in the codebook (see [12, 21, 15] for a
complete treatment). The advantage of VQ over scalar quantization can be determined theoreti-
cally for asymptotically large vector dimension [2, 11]. In fact, the optimality of VQ is not limited
to asymptotic considerations; for a statistically specified random vector of any given dimension,
there exists no better way to quantize this vector with a given number of bits than with VQ [12].
In fact, VQ is superior to scalar quantization because it exploits the possible linear dependence
(correlation) and nonlinear dependence that exists between the components of a vector. How-
ever, VQ still gives superior performance over scalar quantization even when the components of
a random vector are statistically independent of each other! This follows from the basic Shannon
source coding theorems [11, 2, 14]. It is due to the extra freedom in choosing the multidimensional

quantizer cell shapes in VQ.

A vector quantizer @ of dimension k and size N is a mapping from a vector (or a “point”)
in k-dimensional Euclidean space, R¥, into a finite set C containing N output or reproduction
points, called codewords. Thus, Q : R¥ — C, where C = {y1,%2,...,yn} and y; € RF for each
ieJ={12,...,N}. The set C is the codebook of size N. Associated with every N—point
vector quantizer is a partition of R¥ into N regions or cells, R; for i € J. The ith cell is defined
by

R; = {x e R*: Q(x) = y;}, (6)
For a given codebook, C, the optimal partition cells satisfy the following Nearest Neighbor
Condition:
R; C{z d(v,y;) < d(z,y;);Vj} (7)
that is
Q(x) = y; only if d(z,y;) < d(z,y;) all j (8)
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Also, for given partition regions {R; : i = 1,..., N} the optimal reconstruction vectors satisfy the

Centroid Condition: y; = cent(R;) where the centroid, y, of a set R € R* is:
cent(R) = arg minyer(E[d(X,y)|X € R]) 9)

For the squared error measure, the centroid of a set R is the arithmetic average

||
1
cent(R) = I sz (10)
i=1
for R={z; :i=1,...,|R|}, where |R| is the cardinality of the set R. The reader is encouraged

to see [12] for the proofs of the above statements.

An efficient and intuitive codebook design algorithm for vector quantization, the Generalized
Lloyd Algorithm [19, 18] (GLA), produces a “locally optimal” codebook from a training sequence,
T, typical of the source to be coded. A quantizer is locally optimal if every small perturbation of
the code vectors does not lead to a decrease in the average distortion [12]. If we have a codebook
that satisfies both necessary conditions of optimality, it is widely believed that this solution is
indeed locally optimal, although no general theoretical derivation of this result has ever been
obtained [12].

There is no better way to quantize a single vector than to use VQ with a codebook that is
optimal for the probability distribution describing the random vector. However, the codebook
design and the VQ encoding (i.e., search in the codebook for optimal vector) for unconstrained
VQ are computationally very expensive especially for higher rates, large vector dimensions and
codebook sizes. It is rather common to use unconstrained VQ with modest vector dimensions and
codebook sizes. Several techniques have been proposed to reduce the computational complexity
by applying various constraints to the structure of the VQ codebook. As a result, higher vector
dimensions and larger codebook sizes become feasible without hitting complexity barriers. These
methods usually compromise the performance achievable by the unconstrained VQ but provide
very useful trade-offs between performance and complexity. Moreover, they can often be designed

for larger dimensions and rates.

Generally, the performance of VQ can only increase as the dimension k of the vector increases.
This is due to exploiting longer term statistical dependency among the signal samples (and the
extra freedom in choosing higher dimensional quantizer cell shapes). The storage and search
complexity are both proportional to k- N, where N is the codebook size. Note that N = k- 27%

where r = log(N) is the rate. Thus, both time and space grow exponentially with the dimension.
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When imposing a structural constraint on the codebook the codevectors cannot have arbitrary
locations as points in k-d space but are distributed in a restricted manner that allows a much
easier search for the nearest neighbor. In other cases a search procedure may not find the nearest

neighbor but one of the approximately nearest neighbors.

5.2 Our Proposal

Let k be the number of codewords (representative elements) for Vector Quantization and let E(k)
be the root mean squared error (RMSE) obtained. Let 2 be the fractal dimension of the data

set.

Theorem 1 FD and VQ
For a perfectly self-similar data set, the error E(k) is related to the fractal dimension 9 as follows:

log E(k) = const — % -log k (11)

Proof: Here, log k is called the rate for Vector Quantization. We want to show that the slope of

the log error and the rate is inversely proportional to the fractal dimension of the data set.

Let N be the number of points in the self-similar data set. Let E(N, k) be the error we get when
we use vector quantization with k& codewords. Also, let the data have r similar pieces, each scaled
down by a factor s. For example, in the Sierpinski triangle, we have three self-similar pieces,
each one half the size of the original. Thus, we have r = 3 and s = 2. For further simplification,

assume that the number of codewords k grows as a power of r, i.e. k= r¥ for some k’.

If £ =1, then we have only one group with all the data points. Now, if k& = r, then we would
have one codeword for each of the r similar pieces. Each of the r similar pieces would have N/r
points and the distances between the points are scaled down by a factor of s compared to the
original data set. Every time we increase the number of codewords by a factor r, they are dis-

tributed uniformly over the r similar pieces.
Thus, at each step, we get r scaled down replications of the original object and as a result, the
total error can be written as a multiple of the error from one of the individual pieces. The error

from each of the pieces are scaled down by a factor s.

We can thus rewrite the expression for the error as follows:

E(N,k) = E(N,r*)
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= const - —
sk

Since k = r*’, we have log k = k' - log r and thus the above equation becomes

log E(N,k) = const—Fk -logs
log k
= const — —— -log s
logr
1
= const — Tog 7 log k
log s

1
= const — 7 -log k

Hence the proof of the theorem. O

(z; — z)? which is called the zero-rate infor-

=

Il
—

Lemma: The constant is given by const = log
(2
mation in Vector Quantization terminology.

Conjecture 2 FD and VQ

For a statistically self-similar data set, the same relation holds with
1
log E(k) = const — o -log k (12)

Notice that the proof of the result relies only on the fact that the data set is self-similar. If we
have a different error metric, only the constant changes and we get the same result. The constant

in this case would be changed appropriately.

5.3 Experimental Results

For any perfectly self-similar object, our result clearly holds true. We test our results on a few
synthetic and real data sets. We perform experiments to establish our result on synthetic as well
as real data sets. Also, we want to estimate the performance of a vector quantizer without having

to implement the algorithm.

For each data set, we run the vector quantization algorithm with different values of £ and note
the errors for the same. We then look at the plot of the log error against the rate to determine if

our result holds true or not.
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5.3.1 Data sets
To test our result, we use the following real and synthetic data sets:

e Sierpinski Triangle: A sample of 10,000 points from the Sierpinski Triangle;

Koch Curve: A sample of about 16,000 points from the Koch curve;

Diagonal Data: A random set of 10,000 points lying on a straight line;

Montgomery County Data: A real data set of points from Montgomery county;

Long Beach County Data: A real data set of points from Long Beach county.

For each of the data sets, we perform vector quantization with varying sizes of the codebook
and compute the errors. We then plot the errors and the codebook size in the log-scale. We
also show the plot of the cluster centroids determined by the vector quantizer. Having obtained
the errors from the vector quantizer, we then fit a line in the log-scale to determine the slope.
From this we estimate the fractal dimension of the data set (using the above theorem). We also
estimate the fractal dimension using the correlation integral. We compare these to ensure that

our result is indeed true.

The Sierpinski Triangle and the code vectors Error rate plot for the Sierpinski Triangle
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Figure 9: The Sierpinski triangle and the cluster centroids and the error rate plot. The error plot

has slope —0.60316 and gives fractal dimension of 1.65792

For each of the plots, notice that the error rate plot gives us a straight line in the log-scale
(see Figures 9, 10, 11, 12 and 13). Also notice that the clusters centroids (codewords) are spread
according to the spread of the data (i.e. there are more cluster centroids near the dense areas
and fewer in sparse areas). The fitted line for the error plot seems to be very close to the line
estimated using our result. This suggests that our hypothesis is true. To verify this, we compute

the slope and compare it to the estimate of the fractal dimension obtained using the correlation
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The Koch curve and the code vectors Error rate plot for the Koch curve
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Figure 10: The Koch curve and the cluster centroids and the error rate plot. The error plot has

slope —0.75172 and gives fractal dimension of 1.33028

Diagonal data and the code vectors Error rate plot for Diagonal data
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Figure 11: The synthetic diagonal data and the cluster centroids and the error rate plot. The
error plot has slope —1.00597 and gives fractal dimension of 0.99406

integral. Notice that the estimate of the fractal dimension from the slope of the error plot and the
fractal dimension computed from the slope of the error plot are almost the same (see Table 1).

This suggests that our result holds true on real as well as synthetic data sets.

As a visual aid, we estimate the line from the fractal dimension of the data set to compare with
the error obtained from the Vector Quantization method. Notice that the line estimated using
the above result is in excellent agreement with the results obtained using a vector quantizer. This

confirms that our result is indeed true.

Also, we note down the time taken for performing the vector quantization and for estimating
the fractal dimension using the correlation integral. A simple comparison of the times reveal that
it is far easier to estimate the fractal dimension than performing the vector quantization. This it

is easier to determine the properties of a vector quantizer using the fractal dimension instead of
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Figure 12:

error plot has slope —0.54233 and gives fractal dimension

Figure 13: The Long Beach county data and the cluster centroids and the error rate plot.
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error plot has slope —0.55142 and gives fractal dimension of 1.81350

performing the vector quantization which is computationally more intensive.

The

The computation of the correlation fractal dimension can be linear in the number of data

points [27]. Thus the properties of a good vector quantizer can be easily determined from the

estimate of the fractal dimension of the data set. We can now use this as a guideline for comparing

and evaluating the performance of any vector quantization method.

The constant in our result is related to the error obtained when we use only one codeword. This

error is proportional to the variance of the data set and is independent of the vector quantizer

used. For a good vector quantizer, we expect the error rate to be related to the fractal dimension

according to the relation in our result.

What does this mean?
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Data Set Time for Time for Fractal ~ -1/Slope

VQ (sec) Corr Int (sec) Dimension

Sierpinski Triangle 24.64 1.207 1.60 1.65
Koch Curve 40.58 1.924 1.28 1.33
Diagonal Line 3.20 0.069 0.97 0.99
Montgomery County  207.74 12.398 1.80 1.84
Long Beach County 92.93 7.104 1.77 1.81

Table 1: Computational time for a codebook size of 64 and estimate of fractal dimension using

correlation integral

The performance of a Vector Quantization algorithm depends on the data set.

We have a formula relating the performance of Vector Quantization and Fractal Dimension.

e We can use this relation to determine the optimal performance of any Vector Quantizer.

The fractal dimension of a data set can be computed in linear time and can be used to

determine the performance of a vector quantizer.

This gives us a method to compare and evaluate the performance of a given Vector Quan-

tization method.

6 Discussion and Contributions

The fractal dimension of the data set is a good indicator of the spread of the data. Thus, this
can be used as an indicator for the amount of information hidden in the data. The computation
of “fractal” dimension of a data set can be linear in the number of data points [27]. The fractal
dimension estimates the intrinsic dimension of the data and hence the degrees of freedom of the

data. Thus, this is a good indicator of the distribution of the data.

The MazFD conjecture can be used to estimate the target dimension for a dimensionality
reduction method. Also, we showed how we can use the result to compare the performance of dif-
ferent methods without having to apply different data mining methods to determine the amount
of information retained. For a fixed dimension of the target space, we can use this result to com-

pare and determine which dimensionality reduction methods performed better than the others.
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The relation between the performance of a vector quantizer and the fractal dimension gives
us an idea of the relation between the two concepts. This shows that the fractal dimension of

a data set is closely related to the spread of the data and hence the information hidden in the data.

For each of the above tasks, we showed that we can use the fractal dimension of the data set can
be used to make faster inferences about the data mining methods. The computation of the fractal
dimension scales linearly in the number of data points. Thus, we can use this for evaluating the

different methods quickly.

7 Conclusions

The “fractal dimension” of the data set is a good measure of the data distribution. It can be seen
as a characterization of the spread of the data. It can be computed quickly and can be used to aid
in different data mining tasks. Using the fractal dimension, we can make faster inferences about
the performance of a method for a data mining task. We can also use this for evaluation and
comparing different methods for their performance. We can do this in a way that is scalable to
large data sets and avoid the expensive computations involved in implementing the various data

mining tasks.
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