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Abstract

GOLAY CODE CLUSTERING USING DOUBLE GOLAY ENCODING
TECHNIQUE

The popularity of personal computer and internet creates massive digitized data every
day. These digital data covers almost all aspects of our life. In many cases, the glut of
data comes in an unstructured form. Hence, there is an increasing desire to develop
effective and efficient mechanisms to handle the massive amount of unstructured data.
Clustering is one methodology to solve this problem. If we could group similar data into
groups in an unsupervised mode, the chaotic data can automatically turn into well-

organized useful data.

There are many types of clustering techniques. Regardless of the underneath
technology that is used, clustering methods should be reliable and fast enough to handle
very large dataset. The result set should have clear structure. The data items in the result
set should be easily accessible. Due to the huge size of the data, the clustering procedure

should be able to work without supervision of human being.

The purpose of this dissertation is to develop a new clustering data structure and a
novel best-match search mechanism over the clustering systems. The primary technique
we use here is double Golay encoding. Golay code is the only useful perfect code. It has a
one-to-one corresponding relationship between data word and codeword. The codeword
pool is big enough to satisfy our clustering purpose. Moreover, the result clusters

construct a new data structure. The new data structure provides incredible clear



boundaries between clusters. It works with double Golay encoding together to make best-

match search become highly efficient.
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Chapter 1 Introduction

1.1  Why clustering important

There is massive amount of unstructured data generated every day. For example, an
astronomer may receive gigabyte of observation data each day; online blog may generate
millions of records every day; Google database may cache terabyte of data in a short
period of time. If the glut of data does not come in a well organized form, it is useless to

human being.

This throws us a new challenge on how to efficiently organize those data so that these
data can be helpful to human being in a desired way. The organizing technique should be
reliable and fast enough to handle very large dataset. The organized result should have
clear structure. The data items in the result framework should be easily accessible. Due to
the large size of the data, the organizing procedure should be able to work without

supervision of human being.

There are many scholars worldwide working on this scientific topic. The generally
accepted terminology for the aforementioned information organizing purpose is

clustering. More details on clustering definition are provided in next section.

1.2  Clustering definition

Cluster is the data group that the data points inside it are homogeneous or similar in a
certain way. The data points from different clusters are non-homogenous. In another

1



word, clusters provide boundary for data point isolation. Data points within the same

cluster share some common patterns or characteristics.

Clustering is the process of constructing clusters and assign data points into these
clusters. It conducts classification over a dataset. There are two dichotomized
classification method groups. One is supervised classification. The other one is
unsupervised classification. Supervised classification is a manual classification process.
The pattern underlining the data points is known beforehand. It is not feasible for large
unknown datasets. On the other hand, the un-supervised classification deals with
unknown datasets. It has the ability to discover the hidden pattern among the data points.
The data points will be automatically grouped into different clusters if they fall into the
same pattern. The following discussion will focus on unsupervised classification. Un-

supervised classification is normally called clustering.

1.3  Clustering goals

In real world, it is common that the inner connection of data points is not exposed to
outside world explicitly. Ideally, clustering algorithms should work in a heuristic manner.
They should be able to discover the underlining principles and do clustering based on the

relationship that resides between the data points.
The clustering goals can be summarized as following aspects [1]:

1. Clustering should be able to provide classification capability for information



2. Clustering should investigate useful conceptual schemes from the information
and distinguish grouping data entities
3. Clustering should have the ability of exploring the information data and

generate hypothesis

4. Given a hypothesis, clustering should be able to verify it on the information
dataset.
The similarity between data points depends on user definition. Different clustering

criteria may result in different clustering results. Figure 1 shows that 20 data items can be

formed into 3 different clustering structures according to 3 different clustering criteria.
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Figure 1 Hlustration of 3 different clustering results use 3 different clustering criteria

1.4 Problem statement



There are many challenges with clustering. First one is efficiency. In order to reach
global optimization, the clustering algorithms have to compare each data point with every
other data point for similarity comparison. This is very time consuming. It is common
that the time complexity will reach O (n?) in clustering algorithms that is able to attain
global optimization. K-Means can achieve near linear time complexity, but it sacrifices
by decreasing clustering result to local optimization. It is desirable that the global

optimization can reduce the time complexity to be linear for large datasets.

Second one is effectiveness. Effectiveness may be affected either by noises and
outliers, or by the clustering algorithms’ reliance on user specific input parameters.
Noises and outliers are bad data. If they participate in clustering, the result will be biased
by them. Most clustering algorithms lack the procedure to prevent noises and outliers
from influencing clustering result. User specific parameters are not accurate enough. For
example, the K parameter in K-Means clustering algorithm is based on user forecast but
not the actual number of required clusters. Ironically, it is not realistic for the user to

know the correct number of K beforehand.

Third one is reliability. Normally, for continuous clustering, the newly coming data
items will affect the shape of the existing clustering result when they are merged into
existing clusters. When the merge happens, the newly coming data items do comparison
with representations of the existing clusters. However, the representations might change
if the order of the continuous data points came in different orders. Therefore, the final

clustering result is influenced by the order of the input data items.



Fourth one is accessibility. The clustering result is supposed to be useful and easy for
access. The whole purpose of clustering is to turn unserviceable data into valuable data.

Therefore, the clustering result needs to be formed in a form that is convenient to be used.

1.5 The current status of clustering

Clustering has kept being a hot research topic for several years. Enormous
clustering algorithms have been developed across many communities world wide, such as
statistics, computer science, mathematics, and machine learning, etc. The clustering
algorithms are divided into various categories according to the nature of the clustering
schemes. The popular categories include hierarchical clustering, partitional clustering,
graphic theory based clustering, fuzzy clustering, etc. In next chapter, we will have a

review of popular existing clustering algorithms.

1.6  Contribution in this dissertation

Inspired by Golay code encoding mechanism, in this dissertation, we invent a new
clustering data structure. Furthermore, we provide a mechanism to support navigation

between clustering systems by leveraging double Golay codes.
The new clustering algorithm and data structure have several advantages.

e The clustering algorithm overcomes the local optimal problem. Every data
point is treated globally to find the most suitable location.

5



e The time complexity is linear. There is no requirement for user to input

parameters.

e The algorithm has the mechanism to filter out noises and outliers.

e In continuous clustering situations, the clustering result is not affected by the

data points input order.

e The result clusters have clear boundaries between each other. The data items

in a cluster are within certain Hamming distance.

e The new cluster data structure can further divide a cluster into certain number

sub-clusters depending on the clustering accuracy requirement.

e A new efficient best-search algorithm which uses Golay clustering results is

introduced.

e Using double Golay codes, flexible navigation between clustering systems can
be implemented. This greatly increases the accessibility and usability of the

clustering result.

A use case could be a mobility behavior similarity classification in Pocket Switched
Network (PSN). In PSN, the similarity of mobility patterns of different human beings
can be exploited to design routing protocols that have better packet delivery ratio and
shorter end-to-end delay. However, current research lacks techniques to effectively
quantify the similarity of human beings’ mobility behaviors as they exhibit diversities in

both the time and spatial domains. The Golay code clustering algorithm mentioned in this



dissertation provides a mechanism to encode the human mobility patterns and propose a
Golay code based clustering system to facilitate the identification of the set of codewords

that incarnate similar mobility behaviors. [35]

Chapter 2 Review of Existing Clustering Algorithm

2.1 Hierarchical Clustering Algorithms

Traditional hierarchical clustering algorithms try to build a binary tree. The leaf nodes
of the binary tree are data points. The root node is the whole set of data points. The
intermediate nodes reflect desired levels of clustering. The binary tree constructs the data

points into a dendrogram.

Initially, each data point is treated as a cluster. In the procedure of constructing the
dendrogram, similar clusters are merged together to form a parent cluster. Similarity is
described by the distance between two specific clusters. Normally, the distance is

calculated by the following formulas:

d-ucau {Ch C'J) = ”m4 - ?ﬂ,.l'“
dab!{circj} = lf(“’!ﬂ}] Z: E HP_p “
PEC; p'eC;
dm T Cf.lc = max -p
={Ci, C5) PEC; p EC; lp =l
dmin(Ci, C;) = min _|fp—pll
Pl p 'Ecj

Equation 1 Cluster distance formula



These measurements all have their disadvantages. The shortcoming of using
centroid-based approach like diean Or dave to measure distance is that the data points
within a cluster may not be well scattered. This may cause two clusters that have different
data point distribution to be treated as similar clusters. The all-points approach, for

example dmax and dmin, is easily influenced by outliers.

It is a computational burden to build the hierarchical tree. The memory usage to
maintain the tree is huge too. Both the time and space complexity are O(N?). The
performance bottleneck makes it impossible for hierarchical clustering algorithms to be
used for large datasets. There are a couple of advanced algorithms that improves
traditional hierarchical clustering algorithm, like BIRCH (Balanced Iterative Reducing
and Clustering using Hierarchies) [2], CURE (Clustering Using Representatives) [3],
ROCK (Robust Clustering using links) [4], Chameleon [5], etc. They are summarized in

below sections just for review and comparison purpose.

211 BIRCH

BIRCH is an improved algorithm of hierarchical clustering. Instead of constructing a
binary tree, BIRCH builds a height-balanced tree - CF (Clustering Feature) tree. The CF
vectors are defined as a triple: CF = (N, LS, SS), where N is the number of data points in
the cluster, LS is the linear sum of the N data points, SS is the square sum of the data
points [2]. The operation of merging two CF nodes CF; and CF;j is CF(ij) = (N; + N;j, LS;
+LS;, SS; + SS;). There is a threshold T to control the height of the tree. Once the height

of the tree reaches T, the CF tree will be break down with a new construction.
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The CF vectors are stored as summary of data points. This triplet reduces memory
usage and is sufficient for calculating all the measurements that needed to calculate
clustering in BIRCH [2]. In another word, certain regional data points are processed to
generate CF vectors. The clustering operation applies to the CF vectors to construct the
height-balanced tree. BIRCH can achieve a computational complexity of O (N * K), N is

the number of data points and K is the size of the cluster.

212 CURE

CURE introduces a sampling mechanism to traditional hierarchical clustering. It
randomly selects a constant number of well-scattered data points from the cluster. These
selected data points acts as the representatives of the cluster [3]. The similarity
measurements are based on the sample data points. The algorithm follows the following

flow chart;

Data ED( Draw random sample ) E{>( Partition sample ) ED (Partially cluster partitions)

Figure 2 CURE flow chart

The advantage of using sampling mechanism is that the outliers can be filtered out
during the sample selection process. Depending on the size of the sample pool, the
computation burden can be relieved. However, in the mean time, the result sample

hierarchy tree loses an overall picture of the data points.



2.1.3 ROCK

On basis of CURE, ROCK algorithm created a new notion - “link” between data
points. Whenever two data points have a similarity that exceeds certain threshold, a “link”
is created between the two data points. Cluster A and B can be merged as a new cluster if
their data points have more number of links than other clusters. The distance between two

clusters can be calculated by the following goodness function:

Eink[t‘;‘t— , CJ]

(n; + ng PH2fe) — n_:+2!{ﬁ‘} -~ ﬂ.}””ﬂj

g[c‘i: Cj) =

Equation 2 Cluster distance goodness function

ROCK’s clustering algorithm, along with the computation of neighbor lists and links,

2 +n?
O(n* + nMmMa + n .l{)gﬂ} , where n is the

has a worst-case time complexity of
number of data points, mp, is the minimal number of neighbors, m, is the maximal

number of neighbors) [4].

2.1.4 Chameleon

Chameleon is a two-phase hierarchical clustering algorithm. In first phase, it divides
the data points into sub-clusters using graph-partition algorithm. The second phase is the

merging process of the sub-clusters to construct a hierarchical clustering structure. The
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constructed dendrogram is a sparse graph, in which, each node is a data point and the
edges represents the similarity. Chameleon takes two measurements into account. One is
relative interconnectivity, the other one is closeness. Relative interconnectivity between
two clusters is measured as the normalization of the sum of weights of the edges that
straddle the two clusters, denoted as EC (C;, C;). It can be represented by the following

formula:

RIC. C) = EC(C,.C))
T EC(E) +[EC(C))

2

Equation 3 Cluster relative interconnectivity formula

Relative closeness between two clusters is measured by the absolute closeness
normalized with respect of internal closeness. Absolute closeness is the average weights
of the edges that connect two clusters. Internal closeness is the average weight of edges
that falls in the min-cut bisector of the clusters. The following formula can be used to

calculate the relative closeness:

RC(C,,C,) = SEC{C"CJC}
_El 3 C(C,)+—2—SEC(C))
C,|+ ‘CJ‘ €]+ ‘CJ‘

Equation 4 Cluster relative closeness formula

The two clusters that have the maximal value of RI[C,-,CJ} X RC{C,-‘CJJ” will be

merged together in clustering operation. a is a user-specific factor parameter [5].
11



2.1.5 Summary

Hierarchical clustering results provide a visual structure of the data points. The
dendrogram that it produces is helpful in discovering the underlining pattern of the data
points. The disadvantage is that it takes quadratic computational complexity. The
advance algorithms reduce the computational complexity but sacrifice with accuracy loss.
For example, the summary scheme proposed by BIRCH and sampling scheme invented
by CURE both introduce uncertainty in the clustering result. Hierarchical clustering

algorithms also suffer from outliers.

2.2  Partitional Clustering Algorithms

Partitional clustering is to generate clusters that are not connected to each other. The
result is a set of individual clusters. The data points inside a cluster are homogenous and

the data points between clusters have a certain level of isolation.

2.2.1 K-Means Clustering
2.2.1.1 Generic K-Means Algorithm

K-Means algorithm is a kind of partitional clustering algorithm. The data points are
partitioned into predefined K number of subsets. The data points inside a subset have

minimal sum-of-squared-error. Sum-of-squared-error is defined as following:

12



K N .
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1

where

1 if x; ecluster

K
I" = {y;] 1s a partition matrix, }’,-j-={ with Y v, =1Vj:
i=1

0 otherwise
M = [my, ... , mg] is the cluster prototype or centroid (means) matrix; and
N
m; =— Y ¥;X; is the sample mean for the i cluster with N; objects.

¥ =1

Equation 5 K-Means Sum-of-squared-error formula

K-Means clustering algorithm works in a similar way as hill-climbing algorithm. At
first step, it establishes K groups each of which consists of a single random data point [6].
Second step, a random data point is selected from the rest of data points and assigned to a
group whose mean is the nearest to this data point and has the smallest sum-of-squared-
error. The data point is initially partitioned by Voronoi partition [7]. The nearness is
measured through Voronoi region. Third step, the centroid of the newly formed group
becomes the new mean of the group. Step two and three are repeated until the

convergence is reached.

K-Means can achieve the time complexity of O (NKdT), N is the total number of data
points. T is the number of iterations. d is the dimension of the each data point. For large
dataset whose N is much larger than K, d and T, the time complexity is almost linear.
However, like other hill-climbing algorithms, K-Means can not guarantee to generate an
optimal clustering. “In general, the k-means procedure will not converge to an optimal

partition, although there are special cases where it will.” [6] The reason is that K-means
13



can only converge to local minima. Different initial starting points and instance order
determines different final clustering mapping. Another drawback of K-Means is that the
algorithm assumes the number of K is known beforehand [8]. The pre-defined number K
may not reflect the actual number of clusters in reality. There were a couple of advanced
versions of K-Means algorithms came up aiming to resolve the above mentioned
shortcomings. For example, global K-Means clustering algorithm [9], Refine Initial
Points for K-Means clustering [10], both tried to address the local optimal limitation in

two different approaches.

2.2.1.2 The global K-Means clustering algorithm

Global K-Means clustering algorithm does not construct the initial K groups in a
random way. Instead, it starts from one group (K = 1). The rest (K - 1) groups are added
in incrementally. [9] The second group (K = 2) needs N executions of the K-Means
algorithm. The algorithm does the same every time we add a new group in. In this
approach, the algorithm can guarantee that it can always find the optimal solution
because it always iterates through the whole data set. Obviously, this algorithm achieves
this by sacrificing performance. The algorithm needs to be N executions of regular K-
Means every time there is a new group constructed. One benefit this algorithm brings in

is that it generates all intermediate clustering results from one to K number of clusters.

2.2.1.3 Refining Initial Points for K-Means Clustering

14



The refinement algorithm initially chooses M number of small sets of samples from
the whole dataset. For each sample set, the regular K-Means clustering algorithm is
applied to it to generate clustering result. The M number of K-Means result sets then are
combined together to form a result set union. The K centroids of the combined result set
are taken as the initial start points of the K-Means clustering. The authors claimed that
sub-sampling can provide guidance regarding the location of the modes of the joint

probability density function that is assumed to have generated the data. [10]

2.2.1.4 Summary

K-Means has the advantages of near linear time complexity and easy to implement. It
can be applied to large data set. The disadvantage is that the clustering result is easily to
be affected by noises and outliers. Outliers are merged into clusters. They affect the
representation of the clusters. K-Means assumes that the number K is known which is not
practical. ISODATA (lterative Self-Organizing Data Analysis Technique) introduced a
heuristic mechanism for number K estimation [11]. However, this mechanism requires
extra burden of cluster merging and splitting. K-Means algorithms can only conduct local

optimization but not globally. The clustering result is by no means to be optimal.

2.3 Graph Theory-Based Clustering

15



Graph theory can be used for partitional clustering. The clustering procedure will form
a graph to represent the clustering result. The sub-graphs are treated as clusters. The

vertices demonstrate the data points. The edges stand for proximity.

2.3.1 Clustering Algorithm based on Graph Connectivity

Hartuv and Shamir proposed clustering algorithm based on graph connectivity. They
introduced Highly Connected Sub-graphs, defined as the sub-graphs within which the
vertices connectivity number exceeds half of the number of vertices. The algorithm
identifies the highly connected sub-graphs as clusters [12]. A cut in a graph is a set of
edges whose removal causes the graph to be disconnected. The cut with minimal number

of edges is called minimum cut. The algorithm works as follows:

HCS( G(V, E) )
begin
(H,H,C) + MINCUT(G)

if & 1s highly connected

then return (G}

else
HCS(H)
HCS(H)
end if
end

Equation 6 Graph connectivity clustering algorithm

16



HCS means Highly Connected Sub-graph.

This graph based clustering algorithm gives a clear structure of the result data points.
The drawback is that the time complexity for finding the minimal cut is high. The fasted
minimal cut algorithm was given by Karger which requires O (m logn), where m is the

number of edges, n is the number of vertices [33].

2.3.2 CLICK (Clustering Identification via Connectivity Kernels)

CLICK is another clustering algorithm that utilizes graph theory. This algorithm
requires preprocessing of original data. The preprocessing normalizes the data and
defines a similarity measure between data points. Preprocessing also characterizes the
data point pair with mates or non-mates in terms of their similarity. The similarity is

measured by the following formula:

p:m,atr,-gf{saij |1 _fI are matcs)

wi; — lo
Y & (1 — prnates ) f(Sij|%, 7 are non-mates)

Equation 7 CLICK preprocessing similarity measurement formula

1 ig f T

f(Si; i, j are mates) — EP

Here

2
Where, HT' isthe mean and @ # is the variance. [13]
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Any pair of data points that exceeds a certain threshold in similarity is characterized
as mates. Otherwise, they are characterized as non-mates. Given a connected graph, if
any cut contains only edges between mates, it is called a kernel. The algorithm partition
the data set by applying minimum weight cut on it. If any partitioned sub-graph is a
kernel, it is outputted as a sub-cluster. If not, the sub-graph will be partitioned recursively

using minimum weight cut to generate kernels.

CLICK algorithm relies on minimum weight cut to split a graph into sub-graphs.
Therefore, it is not able to overcome the high time complexity taken by minimum weight

cut, which is O (m log®n).

2.4 Fuzzy Clustering

In some cases, the boundary between clusters is ambiguous. In these cases, it is hard
to determine a data point belongs to one cluster rather than another. Zadeh introduced
“fuzzy sets” [14] which have the notion of grade of membership. Every data point can be
enrolled into all clusters with certain grade of membership. The most popular fuzzy

clustering algorithm is FCM (Fuzzy c-Means algorithm).

FCM uses within-group sum of square errors (WGSS) as clustering criterion as

denoted by:
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Equation 8 Fuzzy c-Means WGSS formula

Here, p is the representatives of the ¢ number of clusters; m is the parameter to adjust

fuzziness [15].

The algorithm recursively loops through all the data points and assigns each data
point to a cluster that has the least WGSS. FCM added the capability of handling
fuzziness into partitional clustering. But the computation and storage of membership

level information is combersome. [16]

2.5 Other clustering algorithms

Genetic clustering algorithm uses a binary string to represent chromosome. Each
chromosome is an encoding of an original data point. The algorithm is a simulation of
biological evolution process. It takes consideration of natual selection, crossover and
mutation for data point assignment to clusters. [17] The chromosome that has the highest

score of fitness function is selected as next generation, which means it can be merged into
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the cluster. The disadvantage of genetic algorithm is that the fitness function in a high

dimentional data set grow to be very expensive. [18]

There are other clustering algorithms like leader follower clustering algorithm [34],

Support Vector Clustering algorithm [19], etc.

2.6 Remark

There are a wide range of different clustering algorithms. Each clustering algorithms
have its pre-conditions and limitations. The common issue that hierarchical algorithms
face is the heavy computational complexity. Most partitional algorithms have to define
some user specific parameters. For example, K-Means needs user to define the number K.
The parameters will directly affect the final clustering result. Given an unknown raw

dataset, these parameters are hard to determine.

Noises and outliers exist in most cases. Most existing clustering algorithms do not

have an effective way to filter them out.

Clustering algorithms should have the ability to handle continuously newly coming
data. The input order of the new data should not affect the final clustering result. Most

clustering algorithms need to adjust the whole clustering structure to adapt new data.

The existing clustering algorithms have no way to know the clustering result data
structure. Hence, the clustering result lacks clear structure. This degrades this

accessibility of the result.
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In conclusion, there is demand to discover more advanced clustering techniques that
can achieve efficiency, effectiveness and easy accessibility. In next chapter, we will
propose an innovative clustering technique that achieves these goals. In addition, this new
clustering technique introduces a new data structure, a best-match algorithm and a cluster

navigation mechanism that help improve cluster accessibility.

Chapter 3 Golay Code Clustering

3.1 Introduction

The major goal of our research is to make use of Golay encoding technology to serve

clustering purpose. The clustering procedure is shown in Figure 3.

In Figure 3, “Unstructured Data Items” stands for chaotic raw data. These data have
no value to human being. The next step, these unstructured data items are forced into a
normalization process. During this process, each data item is translated into a fixed length
binary vector. Each bit of the binary vector carries a user defined characteristic. After the
normalization, those binary vectors are processed by our clustering algorithm. The result
set provides two clustering result systems. Each clustering result system has a set of
clusters which host a certain number of binary vectors. A navigation mechanism is

provided to freely navigate close clusters between the two clustering systems.
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Figure 3 Our clustering technology overview chart

3.2  Inspiration
In traditional error-correction schemes, a certain number of parity bits are added to a

data word to compose a codeword. The generated codeword is used for transmission. If
22



some distortions happen during the transit, the certain number of redundant bits can be
used to accurately restore the original data word. During the decoding process, a group
of codewords that are within a certain number of distortions can be restored to the same
data word. If there is an exhaustive correspondence between codeword space and data
word space, we may be able to build a clustering system based on the special error-
correction relationship between codeword space and data word space. The concept of our
clustering algorithm comes from a reverse of traditional error-correction scheme using
perfect code — Golay code (23, 12, 7). More details about perfect codes and why do we

chose Golay codes for our clustering purpose will be introduced in upcoming sections.

3.2.1 Perfect codes

We will begin by recalling Hamming bound for all codes. Hamming bound is

defined as: for any code C = (n, k, d) with d < 2e + 1, it satisfies the following formula:

7 - n ~ )T
C| E ) <2
1
i=0

Equation 9 Hamming bound formula

Perfect codes are the codes that attain equation of Hamming bound. Therefore, by
definition, perfect codes have the property that there is equality on both bounds. There
are three and only three perfect codes that are linear [20], [21], [22]. They are Repetition

code (n, 1, n), Hamming code (7, 4, 3) and Golay code (23, 12, 7).
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Repetition code can correct up to (n-1)/2 errors. It meets the requirements of attaining

equality in Hamming bound as shown in below:

7

t—1
2
- Tl T Tl Tl
2 ) =2 +1 )+
— \? 0 1 -

i—=
Equation 10 Repetition code formula

However, the code space has only 2! = 2 spheres. Hence, Repetition code is trivial for

our purpose.

Hamming code (7, 4, 3) achieves one bit error correction, and gives Hamming bound:

1 —
. [ . -
2y () =2"(1+7) =2
i=0

Equation 11 Hamming code Hamming bound

That proves that Hamming code is also perfect code. Hamming code is not suitable for
clustering because both the data word space and codeword space are small. The data
word space is 2*. The codeword space is 2’. Fortunately, there exists another perfect
code - binary Golay code (23, 12, 7) [23]. Marcel Golay discovered Golay code while he
tried to address the shortcoming that Hamming code can only correct one bit error.
Binary Golay code (23, 12, 7) can correct three error bits. It satisfies the equality of

Hamming bound as below:
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Equation 4 Golay code Hamming bound

This proves that Golay code is perfect code. Golay code has the advantage of having
large data word space which is 2'? and large codeword space which is 2% Therefore,
binary Golay code has a codeword pool that is large enough to be used for large dataset

clustering usage.

3.2.2 Error correction scheme

For simplicity of illustration, let us use Hamming code to explain the error correction
scheme as well as the reverse of error correction scheme. Golay code works in the same
way. The data word in Hamming code has four bits, which constitutes 2* = 16 binary
combinations. After adding three parity bits into the data word to form a codeword, the
codeword has a length of seven bits. Hence, the codeword space has 2 = 128 possible
binary values. Since Hamming code is a perfect code, every data word can generate at
least one codeword in the codeword space. On the other hand, every codeword in the
codeword space corresponds to one of the sixteen data words. Because Hamming code
can tolerate one bit distortion on codeword, the codeword space can be divided into 2* =
16 equal spheres. Each sphere has a central vector which is the generated codeword from

a data word. From the sphere center, there are seven other vectors that are within one
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Hamming metric radius from the center. All the eight codeword in the sphere can be

decoded back to the same data word.

Table 1 shows the mapping from data word to codeword. In the figure, the 128
codewords are grouped by spheres. The codeword that is in bold and underline is the
central vector of the sphere. For example, by applying error correction encoding scheme
to the data words, the first data word “0010” generates codeword “0010111”. Codeword
“0010111” and the codewords within one bit radius from “0010111”, such as “0010110”,

“0010101”, etc., all decode to the same data word “0010”.

In observation of the connection between a data word and the corresponding
codeword sphere, we found that the codewords that are within one bit Hamming metric
distance are connected by their data word. Golay code has similar properties but with
bigger data word and codeword pool. We will discuss the basic properties of Golay code

in next section.
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Datawords Codeword Spheres
0000 0000000 0000001 0000010 0000100
0001000 0010000 0100000 1000000
0001 0001101 0001100 0001111 0001001
0000101 0011101 0101101 1001101
0010 0010111 0010110 0010101 0010011
0011111 0000111 O110111 1010111
0011 0011010 0011011 0011000 0011110
0010010 0001010 0111010 1011010
0100 0100011 0100010 0100001 0100111
0101011 0110011 0000011 1100011
0101 0101110 0101111 0101100 0101010
0100110 OI111110 0001110 1101110
0110 0110100 0110101  O110110 0110000
0111100 0100100 0010100 1110100
0111 0111001 OI111000 ©O111011 0111101
0110001 0101001 0011001 1111001
1000 1000110 1000111 1000100 1000010
1001110 1010110 1100110 0000110
1001 1001011 1001010 1001001 1001111
1000011 1011011 1101011 0001011
1010 1010001 1010000 1010011 1010101
1011001 1000001 1110001 0010001
1011 1011100 1011101 1011110 1011000
1010100 1001100 1111100 0011100
1100 1100101 1100100 1100111 1100001
1101101 1110101 1000101 0100101
1101 1101000 1101001 1101010 1101100
1100000 1111000 1001000 0101000
1110 1110010 1110011 1110000 1110110
1111010 1100010 1010010 0110010
1111 1111111 1111110 1111101 1111011
1110111 1101111 1011111 0111111

Table 1 The data word and codeword spaces of the (7, 4, 3) Hamming code
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3.2.3 Golay Code

Golay code (23, 12, 7) is a kind of cyclic linear code. Golay code can be generated by

manipulations of following polynomials [23]:
Gi(X) = 1+ x+ x* +x° + X%+ x¥0 + x!
Go(X) =1+ x+x +x%+x" +x?+x*
These two polynomials are both factors of x** + 1 in GF (2)[x]. In this sense, we have:
X2 +1=(1+x) Gy(x) Go(X)

Thus, there are two and only two generators: 2° + 22 + 2* + 2° + 2° + 219 + 2™ = 3189

and 2° + 21 + 2° + 2% + 27 + 2% + 2™ = 2787 available for Golay code.

The encoding using Golay code is a procedure of adding 11-bit parity code onto 12-
bit data word to generate the 23-bit codeword. This was presented in [25][26]. It is
described here for demonstration convenience. Let binary vector (ap, ai, az, ...... , 20, 821,
ap2) represents the 23-bit codeword. The codeword C(x) can be divided into two
components. One part is the data word: 1(x) = a1x™ 1 aix*%s .+ ax*%. The other part

is parity bits: P(X) = ag+ a1X + ... + a10x'°. Therefore, the codeword is represented by: C(x)

= P(x) + I(x). 1(x) is obtained by multiplying the data word polynomial with x'*. P(x) can
be obtained by dividing 1(x) with one of the Golay code generator polynomials G;(x) or

Gz(X).
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The decoding procedure using Golay code is to decompose a 23-bit codeword back to
12-bit data word. The codeword can tolerate up to a 3-bit error. The first step is to
calculate the syndrome S(x) of the received vector R(x). The second step is to determine

the error pattern E(x) and subtracts it from R(x) [27][28]. This gives equation:
R(x) = C(x) + E(x)

Syndrome S(x) can be obtained by dividing one of the Golay code generator polynomials

G(X) :
S(X) =R(X) / G(X)

Each syndrome corresponds to a specific 23-bit error pattern E(x). This one-to-one
relationship can be built through dividing all 2** possible 23-bit error patterns by G(x).
Once we find the correct 23-bit error pattern E(x) that is mapped to syndrome S(x), we

can subtract it from R(x) to get the right codeword by C(x) = R(x) — E(x).

Similar to Hamming code (7, 4, 3) as shown in Table 1, Golay code (23, 12, 7) also
has a one-to-one relationship between a data word and a codeword sphere. There are 2*2
different data words. The total number of different codeword is 2%°. Thereby, if we
consider the codeword space as a 23-dimensional binary cube, the codeword pool can be
divided into 2" equal spheres. The minimum distance between centers of spheres is 7
Hamming metrics [27]. Each codeword sphere contains 2'* 23-bit binary vectors.
Knowing that Golay code can correct up to 3-bit error, the binary vectors inside each

codeword sphere are all within 3 bits Hamming distance from the central vector. The
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total number of vectors 2'* is composed by the following vectors around the central

vector:
oll — (203) + (213) + (223)+ (233) (T)
Here, (203) is the central vector of the sphere. (213) stands for the 23 vectors that are 1

Hamming distance away from the center. (223) means the 253 vectors that are 2

Hamming distance away from the center. (233) counts for the 1771 vectors that are 3

Hamming distance away from the center.

The vectors that we are interested in are the 1771 ones that are 3 Hamming distance
away from the sphere center. If we make 1-bit modification to any one of these vectors,
the result 23-bit vector may either stay in the same sphere or flip to another sphere. This

situation is demonstrated in the following lemma:

“Given a 23 dimensional binary cube partitioned into 2** equal spheres. Then, a
probing sphere with a Hamming radius of 1 placed in this cube either lies completely

within one of the partition spheres, or spreads uniformly over six partition spheres.” [24]
The lemma can be proved in the following way:

Let Py be the central 23-bit vector of a codeword sphere P, and T, be the central 23-bit
vector of the probing sphere T. Since the probing sphere T is placed into the codeword
sphere P, the Hamming distance D (Po, To) between Py and T, can only be less or equal to
3. In the case D (Po, To) < 2, since the probing sphere has 1-bit radius, it obviously falls

into 3-bit range of the sphere center.
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In the case D (Po, To) = 3, we will prove that the probing sphere is distributed

uniformly into six codeword spheres.

Suppose U is the set of 23-bit vectors where each u; is no more than one bit in weight.
There should be 24 different u; in the set. Namely, U = {uo, uy,...... , U, Ups}, here, up =
(000.....000), u; = (000...... 001), uz3 = (100...... 000). Knowing that D (P, To) =3, To

can be represented by following equation:
To=Po+ Ui+ Uj+ Uk
Thereby, any vector in the probing sphere T can be represented by following equation:
Ts=Po+ Uj + Uj+ U+ Us

Here,s €{0, 1, 2, ....., 23}. In the case that s € {0, i, j, k}, Ts is either T, or cancels
one bit. Therefore, T; falls into the same sphere P. If s & {0, i, j, k}, then Ty is four bits
away from P,. Because there is no 23-bit codeword that is at Hamming distance less and
equal to 3 from two codeword spheres [29]. Namely, T belongs to another codeword

sphere P". This can be described by the following equality:
Po + Ui + Uj+ Uc+ Us = P o+ Uy + Uy + U

Here, uj, uj Uk, Us Uy, Uy U all are different since otherwise the Hamming distance
between Poand P is less than 7 Hamming metrics. The upper equation is still valid if
we swap Us with uy, uy or u,. Therefore, the probing sphere T has 4 vectors that fall into
P'. The same proof can be extended to the whole 24 vectors in U to prove that the

probing sphere T is uniformly distributed into six different codeword spheres.
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From the above proof, we learn that the probing sphere T has 24 23-bit binary vectors.
Those 24 binary vectors may be uniformly distributed over 6 different codeword spheres
if and only if the center of T has Hamming distance 3 from any of the 6 codeword sphere

centers.

3.2.4 Golay code leverage in clustering

Let M ={my, my, Mg, ...... , M4o9s5, Maoos e the union of codeword spheres that
covers all 4096 = 2'2 spheres in the 23-dimention cube. All the spheres in M are having

the equal size 2**, which means that each sphere contains 2** 23-bit codewords.

Let N be the union of probing spheres that each probing sphere in N has 1-bit radius
from the sphere’s central vector. An arbitrary probing sphere n can either resides inside

one codeword sphere m. Or, n will scatter across 6 codeword spheres.

Recall that by applying Golay code decoding scheme, all the codewords that are from
the same codeword sphere m will be restored into the same data word. Therefore, if two
random probing spheres n; and n, have intersecting hosting codeword spheres, they
should have at least one common data word. Namely, if n; and n, have some binary

connection in 23-dimension cube, this connection can be reflected in the data word side.

This observation indicates that, if we take any two 12-bit data words from the 6
unique data words, we can form a clustering key for the probing sphere n. We put the
central 23-bit vector of the probing sphere n at the clustering key location. As a result, all

the 23-bit codewords that contain the same pair of data words will be put into the same
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cluster location. Since all the 23-bit codewords inside a cluster have at least two common

data words, they are close in the codeword spheres. Hence, they have high similarity.

It is trivial for the situation that n is restored back to only one data word. In this
situation there is one-to-one mapping between codeword sphere n and a corresponding
data word. The codeword sphere n lacks the broadness of coverage. And one data word
does not have the fuzziness for grade of membership. Therefore, this scheme is
advantageous to data fuzzy clustering only if n can be restored back to 6 different data
words. As proven earlier, if the central vector ny of n is within Hamming distance 2 from
the sphere center, all vectors in n are restored back to the same data word. It will be
innovative if we could find a way to make the vectors under this situation also be
available for clustering. In upcoming sections, we will demonstrate how we solve this

problem by introducing the usage of two Golay codes simultaneously.

As aforementioned, n can be decoded into 6 different data words if and only if the
center of n is 3 Hamming distance away from the hosting sphere. As shown in equation
(T), for each sphere, the total number of vectors that are 3 Hamming distance away from
the sphere center is 1771 out of 2048. This gives around 86.5%. Since every sphere has
the same structure, this percentage stays the same globally across the whole 23-

dimension cube. This means that there are still 13.5% vectors that can not be clustered.

However, this coverage limitation can be largely improved after we introduce the
usage of two Golay code generators simultaneously. A program written in C language ran
through all vectors in the 23-dimension cube and verified this. The program works in the

following way:
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Counter 2787 = 0;

Counter_3189 = 0;

Counter_Common = 0;

Counter_Total = 0;

For each vector in the 23-dimension cube:

(1) Use Golay code generator 2787 and 3189 to calculate the vector’s Hamming distance
to the vector’s sphere center as D,7g7 and Daygo;

(2) If Dosg7is 3, then Counter 2787 ++;

(3) If D3ygis 3, then Counter_3189 ++;

(4) If both D,7g7 and Dsygg are 3, then Counter_ Common ++;

(5) If Dozg7 0r Dagg is 3, then Counter_Total ++;

Our experimental result shows that:
Counter 2787 = 7,254,016;
Counter_3189 =7,254,016;
Counter_Common = 6,272,882;
Counter_Total = 8,235,150;

The total number of vectors in 23-dimension cube is Space_Total = 2% = 8,388,608.

Therefore, Golay code generator 2787 and Golay code generator 3189 each can cover:
Counter_2787 / Space_Total = 7,254,016/8,388,608 = 86.5%
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Counter_3189 / Space_Total = 7,254,016/8,388,608 = 86.5%

This number confirms our earlier theoretical prediction. There are some vectors that

are covered by both Golay code generators. The percentage is:

Counter_Common / Space_Total = 6,272,882/8,388,608 = 74.8%

The two Golay code generators working together can cover:

Counter_Total / Space_Total = 8,235,150/8,388,608 = 98.2%

The experimental result is demonstrated in Figure 4.

Figure 4 Golay code generators coverage over 23-dimension cube

This discovery throws us some light to create an outstanding clustering algorithm.
The clustering algorithm that uses two Golay codes working together to cover 23-bit cube

will be presented in following sections.
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3.3 Clustering algorithm

As mentioned in previous section, there are two and only two Golay codes 2787 and
3189. Given a 23-bit codeword, our step one is to figure out which Golay codes can be
used to decode the codeword. Given a 23-bit codeword V, V resides in codeword sphere
P. Assume the center vector of P is Py. At first, we need calculate the Hamming distance
D between V and Py utilizing Golay code 2787 and 3189. D is calculated by counting the
weight of V’s error pattern. Then we will check whether or not D is equal to 3. If D
equals to 3 for any one of the two Golay codes, we will use this Golay code to generate

the 6 data words for V.

Step two, we apply the Golay decoding mechanism to V and all 23 1-bit distortions of
V to get the 6 different 12-bit data words. Here, V and all 23 1-bit distortions of V exhaust
all the vectors in 1-bit radius sphere whose center is V. In this decoding procedure, the
Golay code that was checked in step one is used. These 6 generated data words reflect the
6 codeword spheres that V has some grade of membership with. The clustering keys will
be composed by leveraging these 6 data words. The clustering keys are generated in this
way: We pick two arbitrary data words — w; and w; from the 6 generated 12-bit data
words, and concatenate them into one 24-bit binary vector A = w; w,. Here, w; <w, .The
next step is to right shift 1 bit from the 24-bit vector to get vector B. Then we do a XOR
operation on A and B to get a 24-bit vector C. We use the last 23-bit of C as clustering

key D. In this way, we are able to generate 15 clustering keys for a codeword.
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Step three, we create two hash tables in which the hash keys are 23-bit binary vectors
that covers all the vectors in 23-dimension space. The hash values in the hash table are
the original source codewords that we are trying to cluster. Each hash table holds the
clustering result for a Golay code. For example, if codeword V that is mentioned in step

one could be handled by any of the Golay code generator, it will become a hash value.

The over-all structure of the hash table is illustrated in Table 2. The “Hash Index”
column is the ordered index of all hash codes in the hash table; “Hash Code (23 bits)”
column contains all the 23-bit hash codes; “Source Codeword (23 bits)” column hosts the

clustering results that are within certain Hamming distances from each other.

Hash Index Hash Code (23 bits) Source Codeword (23 bits)
0 00000000000000000000000

1 00000000000000000000001

8 00000000000000000001000 00000000000000000001111
16 00000000000000000010000 00000000000000000001111
124 00000000000000001111100 00000000000000000000111
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196 00000000000000011000100 00000000000000000000111

472 00000000000000111011000 00000000000000000001111

00000000000101010000010
00000000000101010010010
00000000000101010010011
5121 00000000001010000000001 00000000000101010110010
10000000000111111100011
10000000000111111110011

Table 2 Fuzzy clustering result hash table hosting two clustering results

3.4 Super cluster formation

It is interesting to observe that if we cluster all 23-bit codewords that can be handled
by any Golay code, each one of the two clustering systems has 1,554,432 non-empty
clusters, and each cluster contains 70 23-bit codewords. The maximum Hamming

distance within each cluster is either 7 or 8. More importantly, the total number of
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common bit positions is 15 for a cluster with a maximum Hamming distance of 8, and is

16 for a cluster with a maximum Hamming distance of 7. This observation shows that the
codewords within a cluster have high similarity. This experiment result complies with our
previous theory that the 23-bit codewords inside any cluster have more similarity because

they are close in codeword spheres.

Within each cluster, the 70 codewords can further be formed into two equal-size sub-
clusters that have maximum Hamming distance 6. Each sub-cluster can break into 3 third
level clusters with maximum Hamming distance 4. We name the 70-codeword cluster -

super cluster. Figure 5 shows the cluster structure of the super cluster.

supercluster

M 1st cluster
B 2nd cluster
M 3rd cluster
M 1st cluster
M 2nd cluster

m 3rd cluster

Figure 5 Super cluster structure

In Figure 5, super cluster has 70 23-bit words; the maximum Hamming Distance = 7

or 8. The left half pie has 35 words; the maximum Hamming Distance = 6; the same for
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the right half pie. Each half pie breaks into 3 pieces — 10, 10, 15; the maximum Hamming

Distance = 4. There is no intersection between pieces.

This new data structure gives us the possibility to provide various granularity of
accuracy for clustering result. Super cluster level clusters provide entry level similarity
between binary vectors. Second and third level of sub-clusters inside super cluster

provides finer grade of similarity. This property is important in fuzzy search.

3.5 Best-Match Search

Since we already have two Golay code clustering systems, we can utilize them to
achieve highly efficient best-match search on 23-bit binary vectors. Given a 23-bit
codeword V, we can easily navigate to the 15 relevant clusters in any Golay code
clustering system, if V has a qualified clustering code, to find out the 23-bit codeword
that is the most similar to V in terms of Hamming distance. In this subsection, we
introduce a best-match search algorithm to compute the set of codewords that best match

the given 23-bit codeword.

The input for this algorithm is any 23-bit binary vector V that is Hamming distance 3
away from the sphere center vector. The procedure is illustrated in Figure 6. We firstly
generate 6 different 12-bit data words. Then we take any two date words to generate a 23-
bit index using one Golay code. The generated index takes us to a cluster that contains
binary vectors that are close to the given vectors in terms of Hamming distance. As a

result, we can reach up to 15 clusters. Loop through all the target clusters and compute
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the Hamming distance between V and each codeword. We can find the best-match vector

in terms of Hamming distance.

Recall that we got two result clustering systems, one for each Golay code. The above
procedure can be repeated on the other Golay code clustering system to increase search

broadness.

23-bit Keyword Best match Codeword

' I

12-bit Data word 1

12-bit Data word 2 :

12-bit Data word 3

12-bit Data word 4
cluster

12-bit Data word 5

12-bit Data word 6

l :-

ClusteringIndex —®

Clustering table

Figure 6 Best-match search diagram

3.6  Clustering systems navigation

In traditional clustering mechanisms, given an item, it is common that we are able to
locate clusters that contain similar items of the given item. However, it is rare that the
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clustering system can give the ability to traverse through similar clusters. Our proposed

clustering system has this exciting feature.

Recall that we got two result clustering systems, one for each Golay code. The way we
do the cluster navigation is that, starting from a super cluster in one clustering system, we
can find two most typical codewords as representatives for the specific super cluster. The
two representatives are chosen as that they have two or more 12-bit data words in
common. The data words are generated through the Golay code used by the other result
clustering system. We take two 12-bit common data words and generate the clustering
index using the same method as we use to generate clustering index during clustering
process. We then are able to locate the similar super cluster in the other clustering system
through the generated clustering index. Obviously, if the two representatives have more
than two data words in common, we are able to locate more than one similar super cluster
in the other clustering system. Once we reach the other clustering system, we can get a
new clustering index in the first clustering system through the first Golay code, and
navigate back to the first clustering system in the same way. Figure 7 shows the

navigation mechanism diagram.
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Clustering system Golay code 1 Clustering system Golay code 2

Supercluster A

SuperclusterB |
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Representative item 1 Representative item 2

Using Golay code 2

Dataword 1 Dataword 7

Dataword 2 \ Dataword 1

Dataword 3 Dataword 8 * ClusteringIndex [
Dataword 4 Dataword 3

Dataword 5 Dataword 9

Dataword 6 Dataword 10

Figure 7 Clustering systems navigation diagram

3.7 Use case analysis

The proposed clustering technique could be helpful in many areas. For example, this
technology may do big help in Mobility Behavior Similarity Classification in Pocket

Switched Networks [35]. Another example is Forensic Computing area [32]. “A great
43




deal of time is wasted by analysts trying to interpret massive amounts of data that isn’t
correlated or meaningful without high levels of patience and tolerance for error.” [31] For
a murder case analysis, we might collect hundreds of thousands pieces of information.
Some of the collected information is related to this case, some might not. Some
information might be critical, some might be less important. Our clustering algorithm can
help to classify these information pieces into super clusters. After we get the clustering
results, we are able to locate the super clusters we are interested if we are given some
search criteria. Furthermore, clustering systems navigation can help us to browse through
similar super clusters if necessary. Once we successfully locate the key super clusters, we
will be able to navigate into the super clusters to find closer sub-clusters. This is only
giving a simple example. Our technique could be useful in a lot of other un-structured

information processing areas.

3.8 Summary

The proposed clustering algorithm gives us a powerful tool to instantly distribute
unstructured data into similar groups. The similarity is measured by Hamming distance
between binary vectors. The proposed new data structure — super cluster gives us the
ability to refine clustering result into different levels. This data structure makes the result
clusters have clear and unique structure. It largely increases the readability of the
clustering result. The navigation mechanism is a fantastic feature of the clustering result.

It overcomes the hinder in traditional clustering systems of clusters comparison.
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Chapter 4 Golay Code Coverage Remedy

4.1 Introduction

Our experimental result shows that, for all possible 23-bit codewords, there are 1.8% -
153,458 vectors that can not be handled by any Golay code. In another word, the 1-bit
distortion sphere decodes to one unique data word but not six different data words. So
that, no clustering index can be generated. Therefore, the codeword that emerges the
sphere can not be clustered. To fix the gap of coverage but still take advantage of the 23-
bit Golay mechanism, we tried a couple of remedies. The details are explained in coming

sections.

4.2  Composite Bit

Instead of using one bit to signal one characteristic, we introduce a composite bit to
stand for multiple single bits. The composite bit still has 0 or 1 to help measuring
Hamming distance. For composite 0, we use all 0 bits; for composite 1, we use only one 1
bit in the impacted positions. We will show that the coverage percentage can be increased

in this way.

4.2.1 Two positions composite bit
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In this implementation, we encode two positions into one composite bit. For
example, we use position 22" and position 23™ to compose the composite bit. The

original bits and composite bits mapping are shown as follows:

23" bit 22" bit Composite bit
0 0 0
0 1 1
1 0 1

Table 3 Two positions composite bit mapping

As shown in Table 3, instead of using four binary combinations (00, 01, 10, 11) for
22" position and 23" position, we discard “11” combination. “00” stands for “0”. “01”
and “10” stand for “1”. As a sacrifice for this remedy, the 23-bit binary vector can only

express 22 meaningful characteristics now.

The experimental result shows that there are 939 binary vectors that can not be
handled by any Golay code. This reduces our non-coverage percentage from 1.8% to
939/2%2 = 0.02%. Also, there is no difference to the result no matter which two bits in the

23 bits we choose to be composite bit.

4.2.2 Three positions and Four positions composite bit
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Following the same schema as previous chapter, we extend the composite bit to
represent 3 bits. There is no difference to the coverage result regardless which 3 bits we

choose to convert to composite bit. The bit mapping is shown in Table 4.

23" bit 22" bit 21% bit Composite bit
0 0 0 0
0 0 1 1
0 1 0 1
1 0 0 1

Table 4 Three positions composite bit mapping

As shown in Table 4, instead of using eight binary combinations (000, 001, 010, 011,
100, 101, 110, 111) for 21* position, 22" position and 23" position, we discard (011, 101,
110, 111) combination. *“000” stands for “0”. (001, 010, 100) stand for “1”. As a sacrifice
for this remedy, the 23-bit binary vector can only express 21 meaningful characteristics

now.

Our result shows that there are 576 binary vectors that can not be handled by any

Golay code. This reduces our non-coverage percentage from 1.8% to 576/2%* = 0.03%.

Similarly, we tried four bits composite bit replacement. The result gave us 400/2%° =

0.04% non-coverage rate. The whole non-coverage percentage is shown in Figure 7.
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Figure 8 Composite bit positions non-coverage chart

As shown in Figure 8, two positions composite bit has the lowest non-coverage rate —

0.02%. This gives us the double Golay code coverage of 99.98%.

4.3 Bit adjustment

In bit adjustment approach, instead of granting all 23 bits as character bits, we set a
certain number of bits as dummy bits. The dummy bit value is adjusted to make improve
coverage percentage. For example, if the 23-bit binary vector can not be clustered and the
23" bit is “0”. We adjust the 23" bit to be “1” for better clustering coverage. This

approach requires that the clustering task can tolerate a certain degree of fuzziness.
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4.3.1 One bit adjustment

We first tried to make one fixed bit to be adjustable. Our experiment result proves that
the coverage remains the same no matter which bit we set as dummy bit. As a result,
there are 2116 vectors in the 22-bit vector space that can be not handled by any Golay

code. This reduces the coverage gap from 1.8% to be 2116/2% = 0.05%.

4.3.2 Two bits adjustment

We also tried to make 2 bits to be dummy bits, which mean that we set two fixed bits
as adjustable bits. Again, the experimental result shows that the coverage is the same no
matter which two bits we chose. The result shows that there are 8 vectors that can not be

handled. This further reduces the coverage gap from 0.05% to be 8/2%* = 0.00038%.

4.3.3 Three bits adjustment

When we made 3 bits to be dummy bits and the rest 20 bits to be meaningful bits, we
got 100% coverage of the whole 20-bit vector space. However, in the meantime, we are

losing the clustering accuracy by up to 3 bits.

4.4  Summary
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We tried two approaches to improve the double Golay code coverage. The base
coverage rate is 1.8%. The first approach is to convert a certain number of bits to be a
composite bit. This approach is able to improve the coverage to be up to 99.98%. The
second approach can successfully repair the coverage gap given the condition that the

clustering task can tolerate a certain degree of fuzziness.

Chapter 5 Software Description

5.1 Environment setup

The experiment example program is written in C language. It runs on an Intel CPU
based computer. The operating system is 32-bit Microsoft Windows 7 professional
edition. Nevertheless, the proposed fuzzy clustering algorithm neither requires the
implementation on certain specific programming language, nor imposes a condition on
the operating system. The algorithm does demand the programming language to have an

expression of binary vectors up to 24 bits.

For the sake of convenience, we use “unsigned” 32-bit Integer to represent binary
vectors. The higher 8 bits are muted by setting to all “0”. The lower 24 bits are kept
untouched to hold 24-bit binary vectors. Similarly, 23-bit codewords are represented by
muting higher 9 bits. Each bit in the binary vector indicates the on/off flag of the ordered

property. 12-bit data words are represented by muting higher 20 bits.
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5.2 Preprocessing of source data

The source data to be clustered may exist in various formats. It has to be preprocessed
before we can apply the fuzzy clustering algorithm on it. The preprocessing procedure is
to tag each source data item according to pre-defined pattern so that it can be represented
by vectors in the 23-dimention cube. Thereby, for each data item, we tag it with 23
characteristic binary labels of either 0 or 1. For example, given a movie, we can tag the

characteristics of the movie using following 23 category labels:

(1) New Release

(2) Action & Adventure
(3) Children & Family
(4) Comedy

(5) Documentary

(6) Drama

(7) Foreign

(8) Horror

(9) Fantasy

(10) Classic

(12) Thriller

(12) Romance

(13) Violent

(14) Gay & Lesbian
(15) Goofy

(16) Exciting
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(17) Imaginative
(18) Witty

(19) Heartfelt

(20) Sports & Fitness
(21) Emotional

(22) Gritty

(23) Controversial

Using these criteria, the movie — “I Love You, Man” holds true for the properties of:
Comedy, Romance, Exciting, Witty, Heartfelt and Emotional. Therefore, this movie is
tagged as “00010000000100010110100”. Here “1” means valid and “0” means non-valid.

There is no limit on the number of source data items.

After the preprocessing of the source data, we should be able to get a set of 23-bit
binary vectors. Every vector here represents a set of movies. The next step is to construct

the clustering algorithm to cluster these vectors into groups.

5.3 Clustering algorithm implementation

The clustering process can be implemented in the following pseudo code:
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Figure 9 Double Golay code clustering algorithm

As shown in Figure 9, after the pre-processed 23-bit codewords go through the

clustering algorithm, we are able to get two clustering results - one for each Golay code.
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Chapter 6 Conclusions and future work

6.1 Conclusions

The main goal of this research is to introduce a new efficient and effective
clustering technology. During the research process, we created a new cluster data
structure, which is called super cluster. We also disclose a novel mechanism to provide

the navigation ability to the result clustering systems.

Our new clustering technology uniquely uses double Golay encoding to
implement a clustering algorithm which handles all the binary vectors in 23-bit binary
cube. The result has two clustering systems. Each clustering systems contain a number of
super clusters. Super cluster is composed by a set of 23-bit binary vectors that are within
7 or 8 Hamming distance from each other. It is a primary unit that contains a set of
similar vectors. Super cluster can be divided into two layers of sub-clusters according to

maximum Hamming distance requirement.

As attempts to improve our double Golay code coverage, we applied composite
bit fix and bit adjustment fix to the basic algorithm. The basic coverage is 98.2%.
Composite bit fix can increase the coverage percentage to be 99.98%. Given some

fuzziness tolerance, bit adjustment fix can improve the coverage to 100%.
The main advantages of this clustering technique are:

1. The clustering speed is fast. The clustering procedure is instant. The performance

of access to clustering result is also O(1).
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2. The new super cluster data structure creates clear boundaries in both inside and

outside of clusters. It gives great flexibility for various accuracy accesses.

3. The navigation between clustering systems is incredibly helpful in use cases like
fact discovery. Using two key vectors, we can locate a super cluster. Using two
most typical representatives in the super cluster, we can locate another close

super-cluster in the other result clustering system.

6.2 Future work

Future work is required to introduce better mechanisms to fix the double Golay code
coverage gap — 1.8%. Our composite bit fix reduces the coverage gap to be negligible —
0.02%. But it still not perfect. Our bit adjustment fix is able to increase the coverage rate
to be 100%. However, we have to tolerate up to 3 bits of fuzziness. It will be non-trivial

if we could develop a remedy that could close the coverage gap without any sacrifice.
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