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ABSTRACT

The relationship between the complexity class P and NP is one of the most fascinating and
unresolved question in theoretical Computer Science. The classical computational paradigm,
hedged on Turing thesis may be by itself the limiting factor.

To investigate this relationship, a method for solving a query problem on a relational
database on the classical and the new quantum computational paradigm has been developed.
The method solves queries or database problems through the use of graphs.

The relational database is converted into a directed labeled graph representing the set of the
query solution space. The query problem is converted into a directed labeled graph
representing the sub-set database solution space set. An association graph of the database and
the query graphs is generated. The maximum clique (a known NP-Complete problem) of the
association graph yields the solution to the query problem.

Comparison of the maximum clique algorithm on both classical and quantum computation
paradigms has yielded additional knowledge on the relationship between P vs NP problem.
The results have indicated a substantial improvement on the algorithm efficiency on quantum
computation but not sufficient enough to resolve the problem.

The results indicate that the solution to the P vs NP cannot be resolved under the current
computation paradigms and may requires a new computation paradigm to resolve it.
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CHAPTER ONE: INTRODUCTION

11 PROBLEM STATEMENT

The relationship between the complexity class P and NP (Cook, 1971) is one of the most
fascinating and unresolved question in theoretical computer science. Since 1971 when
Stephen Cook formally outlined the open question (The P vs NP Problem, 2000), millions of
man hours have been spent by computer scientists attempting to solve the problem (Lance
2000; William, 2002).

It is my submission that today, more than ever before, computer scientists have encountered
many computational problems that cannot be computed in polynomial time. In an attempt to
solve these problems, optimizations, reductions and estimations have been used to get as
close to the expected result as possible.

The fact that there exists a problem that cannot be effectively computed on the modern
computational paradigms is a major hindrance to the development of computer science field.
Many computer science fields such as artificial intelligence have not been able to achieve the
goal of a computer passing the Turing test due to the existence of these NP problems. Until
the P vs NP problem is resolved, the goal of achieving an intelligent computer that would
pass the Turing test will not be achieved

The current computational paradigms have their theoretical foundations on the Turing Thesis
(Turing, 1939). The Turing Thesis envisaged a universal Turing machine that could simulate
other Turing machines. Turing himself conceded to the fact that there existed some problems
that could not be computed on the Turing machines but their results could all the same be
verified by a Turing machine. The famous non-halting problems embody the existence of
problems that modern computers cannot effectively compute. (Alan 1936)

Computer technology is today a major facet of human life. Huge data and information is
stored in relational databases. Retrieval of these data and information is via the SQL queries
and other technologies. As data grows, the speed and accuracy of the database query results
becomes a challenge. A solution to the above question of the relationship between P and NP
class problems would guarantee a formal proof that the results of the query as a solution to
the query problem. Saliently, when a user issues a database query, they have an idea of the
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expected result. This implies that majority of the times; the user verifies that the answer is the
true result of the query. Database query problems are both in P and NP complexity class
problems with some traversing across the complexity class spectrum.

Given the importance of relational databases, a way to optimize the actual query results to the
expected user results (certificate) offers more insight into the relationship between the
computational complexity class problems

In this project, have offered a method of optimizing a relational database query problem by:

e Developing an algorithm that converts a database into a labeled directed graph on a worst
case scenario representation of the query problem expected results space i.e Database
Graph

e Developing an algorithm that converts a database query into a directed labeled graph i.e
Query graph

e Developing an algorithm that generates an association graph from the database graph and
the query graph

e Generated the query result by use of optimization using a known NP-complete problem
(Finding Maximum clique on a directed labeled graph). In this case, the maximum clique
of the association graph is the results of the query.

e Investigated the impact to the solution space of the query problem by use of the quantum
computational paradigm

The existing Turing computational paradigm optimization algorithms were used get the
maximum clique of the database-query association graph.

The current computational paradigms as hedged on the Turing thesis may be themselves the
limitation. To explore this aspect, a method of resolving the maximum clique problem using a
quantum computer was investigated. This entailed use of graph embodiment on quantum

computer

The method has generated additional knowledge on the relationship between the P and NP

complexity class problems and has opened further research on how many of the existing NP
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problems can be optimized and or solved via graph theoretic embodiment into quantum
computation paradigm.

In addition, the project has offered more insight in the field of computational complexity,
graph theoretic, quantum computation and relation database theory. The project will assist
computer science research students in theoretical computer science research areas. The results
that have been derived will hopefully give research scientist a different approach into the P vs
NP problem.

A consequence of the this project was: if a method exists that transforms the query problem
and the results space into a labeled-directed graph, the results of the query being derived as a
solution to the maximum clique of the graph; and the same can be derived by graph
embodiment into a quantum computer, then there is a high chance that P = NP. In contrasts,
then the P vs NP problem cannot be resolved under the current computation paradigm and
axioms. New computational and mathematical axioms would be required to solve the

problem.

1.2 OVERALL OBJECTIVE

To find a method that transforms the query problem and the relational database solution space
into labeled-directed graphs, the results of the query being derived as a solution to the
maximum clique of the graph; and derive the same by graph embodiment into a quantum

computer.

If the above method exists, then there is a high chance that P = NP. Otherwise, the P vs NP
problem cannot be resolved under the current computation paradigm and axioms i.e Turing
and Quantum. New computational and mathematical axioms would be required to solve the

problem.
1.3 SPECIFIC OBJECTIVES
In this project, we present a method of solving a relational database problem by:

1) Developing an algorithm that converts a database into a labeled directed graph on a
worst case scenario representation of the query problem expected results space

2) Developing an algorithm that converts a database query into a directed labeled graph
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3) Developing an algorithm that generates an association graph from the database graph
and the query graph

4) Adapting the Carraghan-Pardalos Maximum Clique algorithm (R. Carraghan and P.
Pardalos, 1990) to find the “Maximum Clique” of the association graph. In this case,
the maximum clique of the association graph is the solution to the query.

5) Adapt the Alan Bojic, (Bojic, 2012) Quantum Algorithm for finding the maximum
Clique on a graph to find the maximum Clique of the association graph on quantum
computation paradigm.

6) Carry out comparative analysis of the algorithms performances of 4 and 5 above.

1.4  PROBLEM JUSTIFICATION

As the world becomes a global village, more data and information will be generated that
requires storage spaces. The data must be processed and retrieved. This research project
offers a method to optimize database query processing.

A review of the projects undertaken by computer science students at the institute reveals there
is very limited interest in computational complexity and computational theory. This research
project opens more research areas on these fields.

Quantum computing is a relatively new paradigm. The project provides away of employing

the computational power of quantum computers in resolving real life problems.

The project has explored the relationship between P vs NP computational complexity class
problems. The new proposed approach that aids in resolving the problem is a highly welcome
additional in the field of computer science.
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CHAPTER TWO: LITERATURE REVIEW

21 TURING MACHINES

A Turing machine is a theoretical computing system, described in 1936 by Alan Turing
(Turing, 1936). A Turing machine that can efficiently simulate any other Turing machine is
called a Universal Turing Machine (UTM). The Church-Turing thesis states that any practical
computing model has either the equivalent or a subset of the capabilities of a UTM.

The Church-Turing thesis (formerly commonly known simply as Church's thesis) says that
any real-world computation can be translated into an equivalent computation involving a
Turing machine. In Church's original formulation (Church 1935, 1936), the thesis says that
real-world calculation can be done using the lambda calculus, which is equivalent to using
general recursive functions (Turing, 1939).

The Church-Turing thesis encompasses more kinds of computations than those originally
envisioned, such as those involving cellular automata, combinators, register machines, and
substitution systems. It also applies to other kinds of computations found in theoretical
computer science such as quantum computing and probabilistic computing.

There are conflicting points of view about the Church-Turing thesis. One says that it can be
proven, and the other says that it serves as a definition for computation. There has never been
a proof, but the evidence for its validity comes from the fact that every realistic model of
computation, yet discovered, has been shown to be equivalent. If there were a device which
could answer questions beyond those that a Turing machine can answer, then it would be
called an oracle.

Some computational models are more efficient, in terms of computation time and memory,
for different tasks. For example, it is suspected that quantum computers can perform many
common tasks with lower time complexity, compared to modern computers, in the sense that
for large enough versions of these problems, a quantum computer would solve the problem
faster than an ordinary computer. In contrast, there exist questions, such as the halting
problem, which an ordinary computer cannot answer, and according to the Church-Turing

thesis, no other computational device can answer such a question.

The Church-Turing thesis has been extended to a proposition about the processes in the

natural world by Stephen Wolfram in his principle of computational equivalence (Wolfram
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2002), which also claims that there are only a small number of intermediate levels of

computing power before a system is universal and that most natural systems are universal.

22 COMPUTATIONAL COMPLEXITY THEORY

In computer science, computational complexity theory is the branch of the theory of
computation that studies the resources, or cost, of the computation required to solve a given
computational problem (Hopcroft, Motwani, and Ullman, 2007). This cost is usually measured in
terms of abstract parameters such as time and space, called computational resources. Time
represents the number of steps required to solve a problem and space represents the quantity
of information storage required or how much memory is required (Arora, Boaz 2009)

Computational complexity theory classifies computational problems into complexity classes.
The number of complexity classes is ever changing, as new ones are defined and existing
ones merge through the contributions of computer scientists. The complexity classes of
decision problems include:

1. P—The complexity class containing decision problems that can be solved by a
deterministic UTM using a polynomial amount of computation time;

2. NP (“Non-deterministic Polynomial time”)—The set of decision problems
solvable in polynomial time on a non-deterministic UTM. Equivalently, it is the
set of problems that can be “verified” by a deterministic UTM in polynomial time;

3. NP-hard (Nondeterministic Polynomial-time hard)—A problem H is in the class
NP-hard if and only if there is an NP-complete problem L that is polynomial time
Turing-reducible to H. That is to say, L can be solved in polynomial time by an

oracle machine with an oracle for H;

4. NP-complete—A decision problem C is NP-complete if it is complete for NP,
meaning that:

(a) it is in NP and
(b) it is NP-hard,

I.e., every other problem in NP is reducible to it. “Reducible” means that for every

problem L, there is a polynomial-time many-one reduction, a deterministic
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algorithm which transforms instances 1€L into instances ceC, such that the answer
to c is YES if and only if the answer to 1 is YES. To prove that an NP problem A
is in fact an NP-complete problem it is sufficient to show that an already known

NP-complete problem reduces to A.

Decision problems have binary outcomes. Problems in NP are computation problems for
which there exists polynomial time verification. That is, it takes no more than polynomial
time (class P) in the size of the problem to verify a potential solution. It may take more than
polynomial time, however, to find a potential solution. NP-hard problems are at least as hard

as any problem in NP.

Optimization problems are problems for which one or more objective functions are
minimized or maximized over a set of variables, sometimes subject to a set of constraints. For
example, the Traveling Salesman Problem (“TSP”) is an optimization problem where an
objective function representing, for example, distance or cost, must be optimized to find an
itinerary, which is encoded in a set of variables representing the optimized solution to the
problem . For example, given a list of locations, the problem may consist of finding the
shortest route that visits all locations exactly once. Other examples of optimization problems
include Maximum Independent Set, integer programming, constraint optimization, factoring,
prediction modeling, and k-SAT. These problems are abstractions of many real-world
optimization problems , such as operations research, financial portfolio selection, scheduling,
supply management, circuit design, and travel route optimization. Many large-scale decision-
based optimization problems are NP-hard (A high - Level Look at Optimization, 2000).

Simulation problems typically deal with the simulation of one system by another system,
usually over a period of time. For example, computer simulations can be made of business
processes , ecological habitats, protein folding, molecular ground states, quantum systems,
and the like. Such problems often include many different entities with complex inter-
relationships and behavioral rules. In Feynman it was suggested that a quantum system could
be used to simulate some physical systems more efficiently than a UTM.

Many optimization and simulation problems are not solvable using UTMs. Because of this
limitation, there is need in the art for computational devices capable of solving computational
problems beyond the scope of UTMs. In the field of protein folding, for example, grid
computing systems and supercomputers have been used to try to simulate large protein
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systems (Shirts et al., 2000). The NEOS solver is an online network solver for optimization
problems, where a user submits an optimization problem , selects an algorithm to solve it, and
then a central server directs the problem to a computer in the network capable of running the
selected algorithm (Dolan et al, 2002). Other digital computer-based systems and methods for
solving optimization problems can be found (Fourer et al., 2001). All these methods are
limited, however, by the fact they utilize digital computers, which are UTMs, and
accordingly, are subject to the limits of classical computing that impose unfavorable scaling

between problem size and solution time.

23 THE P vs NP PROBLEM

The relationship between the complexity classes P and NP is an unsolved question in
theoretical computer science. It is considered to be the most important problem in the field —
the Clay Mathematics Institute has offered a $1 million prize for the first correct proof (The P
vs NP Problem, 2002).

In essence, the question P = NP? asks: if 'yes-answers to a 'yes'-or-'no’-question can be
verified "quickly” (in polynomial time), can the answers themselves also be computed
quickly?

Consider, for instance, the subset-sum problem, an example of a problem which is "easy" to
verify, but whose answer is believed (but not proven) to be "difficult” to compute. Given a set
of integers, does some nonempty subset of them sum to 0? For instance, does a subset of the
set {-2, -3, 15, 14, 7, —10} add up to 0? The answer "yes, because {—2, —3, —10, 15} add up
to zero", can be quickly verified with a few additions. However, finding such a subset in the
first place could take much longer. The information needed to verify a positive answer is also
called a certificate. Given the right certificates, "yes" answers to our problem can be verified
in polynomial time, so this problem is in NP.

An answer to the P = NP question would determine whether problems like the subset-sum
problem are as "easy" to compute as to verify. If it turned out P does not equal NP, it would
mean that some NP problems are substantially "harder" to compute than to verify.

The relation between the complexity classes P and NP is studied in computational complexity
theory, the part of the theory of computation dealing with the resources required during
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computation to solve a given problem. The most common resources are time (how many

steps it takes to solve a problem) and space (how much memory it takes to solve a problem).

In such analysis, a model of the computer for which time must be analyzed is required.
Typically, such models assume that the computer is deterministic (given the computer's
present state and any inputs, there is only one possible action that the computer might take)
and sequential (it performs actions one after the other). As of 2009, these assumptions are
satisfied by all practical computers yet devised.

In this theory, the class P consists of all those decision problems that can be solved on a
deterministic sequential machine in an amount of time that is polynomial in the size of the
input; the class NP consists of all those decision problems whose positive solutions can be
verified in polynomial time given the right information, or equivalently, whose solution can
be found in polynomial time on a non-deterministic machine. Arguably, the biggest open
question in theoretical computer science concerns the relationship between those two classes:

Is P equal to NP?

In a 2002 poll of 100 researchers, 61 believed the answer is no, 9 believed the answer is yes,
22 were unsure, and 8 believed the question may be independent of the currently accepted
axioms, and so impossible to prove or disprove (Gasarch, 2002)

24  RELATIONAL DATABASES

Many entities employ relational databases to store information. The information may be
related to almost any aspect of business, government or individuals. For example, the
information may be related to human resources, transportation, order placement or picking,
warehousing, distribution, budgeting, oil exploration, surveying, polling, images, geographic
maps, network topologies, identification, and/or security.

A relational database stores a set of “relations” or “relationships.” A relation is a two-
dimensional table. The columns of the table are called attributes and the rows of the table
store instances or “tuples” of the relation. A tuple has one element for each attribute of the
relation. The schema of the relation consists of the name of the relation and the names and
data types of all attributes. Typically, many such relations are stored in the database with any
given relation having perhaps millions of tuples.
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Searching databases typically employs the preparation of one or more queries. One common
way of formatting queries is through Structured Query Language (SQL). QL-99 is the most
recent standard, however many database vendors offer slightly different dialects or extensions
of this standard. The basic query mechanism in SQL is the statement: SELECT L FROM R
WHERE C, in which L identifies a list of columns in the relation(s) R, C is a condition that
evaluates to TRUE, FALSE or UNKNOWN. Typically, only tuples that evaluate to TRUE
are returned. Other query languages are also known, for example DATALOG, which may be
particularly useful for recursive queries. Traditional querying or searching of databases
presents a number of problems . Boolean matching is particularly onerous and unforgiving.
Hence, searchers must specify a query that will locate the desired piece of information,
without locating too much undesired information. Overly constrained queries will have no
exact answer. Queries with insufficient constraints will have too many answers to be useful .
Thus, the searcher must correctly constrain the query, with a suitable number of correctly
selected constraints.

A common approach only identifies information that exactly corresponds to the constraints of
the query. Another approach allows for inexact matches to some constraints. For example, the
use of a wildcard character may be employed to locate variations of words being used in a
query, for instance to capture both singular and plural occurrences of the word in the database
. These approaches prove unsatisfactory in many situations. For example, it is common to
have to reformulate a query numerous times before the results include the desired
information, without including too much information. Often, it is not possible to form a
satisfactory query that captures the desired information without capturing too much undesired

information.

A further approach employs “fuzzy” matching capability. Such an approach typically
replaces Boolean constraints with fuzzy counterparts. Thus, all tuples in the fuzzy or
probabilistic database are directly or indirectly annotated with a number giving the
probability or fuzziness level of the particular fact or piece of information. This approach
disadvantageously requires the storage of a substantial amount of additional information.

These problems limit the usefulness of databases . This may particularly be a problem where
queries are directed toward extracting useful knowledge from a large database of facts or

other information.
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25 QUANTUM COMPUTATION

A quantum computer is any physical system that harnesses one or more quantum effects to
perform a computation. A quantum computer that can efficiently simulate any other quantum
computer is called a Universal Quantum Computer (UQC).

In 1981 Richard P. Feynman proposed that quantum computers could be used to solve certain
computational problems more efficiently than a UTM and therefore invalidate the Church-
Turing thesis. Feynman (1982) noted that a quantum computer could be used to simulate
certain other quantum systems, allowing exponentially faster calculation of certain properties
of the simulated quantum system than is possible using a UTM.

There are several general approaches to the design and operation of quantum computers. One
such approach is the “circuit model” of quantum computation. In this approach, qubits are
acted upon by sequences of logical gates that are the compiled representation of an algorithm.
Circuit model quantum computers have several serious barriers to practical implementation.
In the circuit model, it is required that qubits remain coherent over time periods much longer
than the single-gate time. This requirement arises because circuit model quantum computers
require operations that are collectively called quantum error correction in order to operate.
Quantum error correction cannot be performed without the circuit model quantum computer’s
qubits being capable of maintaining quantum coherence over time periods on the order of
1,000 times the single-gate time. Much research has been focused on developing qubits with
coherence sufficient to form the basic information units of circuit model quantum computers
(Shor, 2001). The art is still hampered by an inability to increase the coherence of qubits to
acceptable levels for designing and operating practical circuit model quantum computers.

Another approach to quantum computation, involves using the natural physical evolution of a
system of coupled quantum systems as a computational system. This approach does not make
critical use of quantum gates and circuits. Instead, starting from a known initial Hamiltonian,
it relies upon the guided physical evolution of a system of coupled quantum systems wherein
the problem to be solved has been encoded in the terms of the system's Hamiltonian, so that
the final state of the system of coupled quantum systems contains information relating to the
answer to the problem to be solved. This approach does not require long qubit coherence
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times. Examples of this type of approach include adiabatic quantum computation, cluster-
state quantum computation, one-way quantum computation, quantum annealing and classical
annealing (Farhi, E. et al, 2000).

As mentioned previously, qubits can be used as fundamental units of information for a
quantum computer. As with bits in UTMSs, qubits can refer to at least two distinct quantities; a
qubit can refer to the actual physical device in which information is stored, and it can also
refer to the unit of information itself, abstracted away from its physical device.

Qubits generalize the concept of a classical digital bit. A classical information storage device
can encode two discrete states, typically labeled “0” and “1”. Physically these two discrete
states are represented by two different and distinguishable physical states of the classical
information storage device, such as direction or magnitude of magnetic field, current, or
voltage, where the quantity encoding the bit state behaves according to the laws of classical
physics. A qubit also contains two discrete physical states, which can also be labeled “0” and
“1”. Physically these two discrete states are represented by two different and distinguishable
physical states of the quantum information storage device, such as direction or magnitude of
magnetic field, current, or voltage, where the quantity encoding the bit state behaves
according to the laws of quantum physics. If the physical quantity that stores these states
behaves quantum mechanically, the device can additionally be placed in a superposition of 0
and 1. That is, the qubit can exist in both a “0” and “1” state at the same time, and so can
perform a computation on both states simultaneously. In general, N qubits can be in a
superposition of 2 N states. Quantum algorithms make use of the superposition property to

speed up some computations.

In standard notation, the basis states of a qubit are referred to as the |0 and |1 states. During
quantum computation, the state of a qubit, in general, is a superposition of basis states so that
the qubit has a nonzero probability of occupying the |0 basis state and a simultaneous nonzero
probability of occupying the |1 basis state. Mathematically, a superposition of basis states
means that the overall state of the qubit, which is denoted |, has the form |¥ =a| +b|1, where
a and b are coefficients corresponding to the probabilities |a] 2 and |b| 2 , respectively. The
coefficients a and b each have real and imaginary components, which allows the phase of the
qubit to be characterized. The quantum nature of a qubit is largely derived from its ability to
exist in a coherent superposition of basis states and for the state of the qubit to have a phase.
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A qubit will retain this ability to exist as a coherent superposition of basis states when the
qubit is sufficiently isolated from sources of decoherence.

To complete a computation using a qubit, the state of the qubit is measured (i.e., read out).
Typically, when a measurement of the qubit is performed, the quantum nature of the qubit is
temporarily lost and the superposition of basis states collapses to either the |0 basis state or
the |1 basis state and thus regaining its similarity to a conventional bit. The actual state of the
qubit after it has collapsed depends on the probabilities |a| 2 and |b| 2 immediately prior to the
readout operation.

26 GRAPH EMBEDDING

Graphs are an effective way of representing relationships among entities, and are commonly
used in areas such as economics, mathematics, natural sciences and social sciences. While
some graphs are simply used as a visual aid, others can be used to represent a problem to be
solved. In fact, mapping a problem into graph format can sometimes help solve the problem.
Instances of such problems include stock portfolio selection, microwave tower placement,
delivery route optimization and other large-scale problems. Quantum computers can be used
to solve such problems by way of translation of the original problem to a form that the
quantum computer can solve. One method of doing this is through graph embedding, where a
graph composed of a set of vertices and a set of edges that connect various vertices,
representing a problem to be solved, is mapped into the qubit structure of a quantum
processor and then solved.

Graph embedding is defining a particular drawing of a graph by mapping every node, or
vertex, to a point on a plane and every edge to a straight or curved line that connects two
nodes. This drawing is not unique, as there can be many permutations of the same graph. The
number of ways a graph can be embedded depends on the characteristics and rules of the grid
system upon which they are drawn. For example, one grid system can be a two-dimensional
lattice. The edges may, for example, be constrained to be in two mutually orthogonal
directions (e.g., up-down or left-right). Such a grid system has a connectivity of 4, meaning
that each node can have at maximum four edges connected to it, the edges going only in the
directions mentioned above. A similar grid system wherein edges can also extend diagonally
(e.g., at 45°) and where they can cross is of connectivity 8. One form of graph embedding
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involves taking a graph drawn on one grid system and drawing an equivalent graph on
another grid system.

Graphs that can be embedded can be broken into two types: planar and non-planar. Planar
graphs are graphs that can be embedded on a two-dimensional plane such that no two edges
intersect. A non-planar graph is a graph where at least two edges intersect. Some forms of
graph embedding involve embedding a planar graph into a non-planar graph or attempting to
make a non-planar graph as planar as possible, i.e., by reducing the number of intersections.
However, some non-planar graphs cannot be embedded into a planar graph. The most famous
examples of such graphs are the graphs K5 and K(3, 3). More information on non-planar
graphs and their embeddings can be found in Boyer et al., (2004).

One way of characterizing graph embeddings is their “efficiency”, that is, the amount of
resources (e.g., vertices and edges), area, and path lengths that an embedding uses . An
efficient graph embedding uses fewer resources, has less area, has lower average path
lengths, or any combination thereof between vertices than an inefficient graph embedding.
Since the same graph can be embedded in more than one way, it is preferred to find the most
efficient embedding possible. Finding the most efficient graph is also known as graph

optimization.

For small graphs, finding the most efficient graph embedding might be quite easy and might
be performed on a conventional processor in a reasonable amount of time. However, when
the graph has a substantial number of vertices and edges, finding the most efficient graph
embedding becomes a complex computational task. Several techniques have been developed
to find an efficient graph embedding, such as that developed by Gutwenger et al., (2002). The
Automated Graph Drawing (AGD) software program described in that publication is capable
of mapping and compacting graphs using a variety of different techniques. However, all these
techniques rely on the planarization of the original graph, which means the original graph is
redrawn to have as few, if any, crossings as possible. This comes at the expense of having
longer edge lengths and greater surface area, since non-planar graphs are generally more
compact.

Other forms of graph embedding are discussed in Mutzel, (2002). Mutzel describes many
different methodologies for graph embedding and optimization, but again all concentrate on
making the graph as planar as possible. Part of the reason Mutzel desires planarity is that it is
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aesthetically better. However, in instances where aesthetics is not an important aspect of
graph optimization, the techniques outlined by Mutzel would not produce the most efficient
graph embedding.

Graph embedding is also used in the field of very large scale integration (\VVLSI) chip design.
Given an electronic circuit with many different elements that need to be wired together in a
limited space and with specific design rules to be followed, finding an efficient wiring
scheme is a form of graph embedding. Examples of applying graph embedding techniques to
VLSI design can be found in Shields et al., (2001) and Heckmann et al., (1991). However,
techniques for efficient wiring in chips are limited by the design rules and thus are usually not
extendable to general forms of graph embedding.

A technique of graph embedding into a lattice of qubits is described in Knysh et al., (2005).
Knysh describes a technique of mapping NP-complete problems into a lattice of qubits and
performing adiabatic quantum computation to solve the problem . However, Knysh uses
constant couplings between qubits and only nearest neighbor couplings, both of which reduce
the flexibility and efficiency of the embedding and subsequent computation.
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CHAPTER THREE: METHODOLOGY

3.1 INTRODUCTION

This chapter describes the methodology employed to gain more understanding on the relation
between NP and P problems and hopefully answer the question; is P = NP?

The goal was to determine if a method exists that transforms a database query problem and
the relational database solution space (a problem in P) into labeled-directed graphs, the
results of the query being derived as a solution to the maximum clique of the graph; and
deriving the same by graph embodiment into a quantum computer.

If the above method exists, then there is a high chance that P = NP. Otherwise, the P vs NP
problem cannot be resolved under the current computation paradigm and axioms i.e Turing
and Quantum. New computational and mathematical axioms would be required to solve the

problem.
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3.2 HIGH LEVEL DESCRIPTION

Detailed analysis of
Existing body of
knowledge on P vs NP
Problem

Develop Algorithm to
convert a Relational

Database into a Directed
Labeled Graph Figure 1 — Summary of methodology

Develop Algorithm to
convert a Query Solution
Space into a Directed
Labeled Graph

Develop Algorithm to
generate an association
graph of the Database and
Graph

Adapt the “Maximum Clique
Algorithm” to find the
Maximum Clique of the
Association graph

Transform the association
graph Algorithm into a
guantum computation
paradigm

Use the O-notation to
analyze the algorithms
computational efficiency

Determine the correlation
between the Truing
paradigm and Quantum
paradigm
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3.3  ANALYSIS, DEVELOPMENT & TESTING

The Detailed analysis of Existing body of knowledge on P vs NP Problem Involved Contents analysis
of literatures and publications relating to the P vs NP problem.

The development of the algorithms to transform the relational database and Query into the graph
representation was informed by the analysis of the current systems and methods of representing a
relational database as a binary tree formed the basis of the algorithm development

A simple student’s information management database was developed as the basis for developing and
testing the algorithms. The database consisted of Students, Courses and Registrations records.
Appendix A, Figure 2 lists the E-R diagram of the students’ database used.

The Development of the algorithms was carried out largely on experimental basis and try and error
methodologies.

Tests were carried out using the students’ database to refine the algorithms until the final algorithms
presented here were achieved. Appendix A, Figure 3 lists the sample data in the three tables of the
students’ database used. An adjacency matrix as a means of representing the directed labeled graphs
was used during the algorithm development and testing

The Development of the Algorithm to Find the Maximum Clique of the Association graph is based on
the standard maximum clique algorithm. Modifications are made to the algorithm to ensure the
algorithm terminates in case of no clique.

The O-notation was used to analyze the performance of the algorithms and compute the time
complexity efficiency of the algorithms

The “Quantum Algorithm for finding the maximum Clique on a graph” Alan Bojic (Alan,
2012) was used to analyse the effect of the for the maximum Clique on quantum computation
paradigm

Finally, the results of the of the maximum clique on classical computer and Quantum
computation paradigms were analysed to establish the relationship between P and NP on both
paradigms.
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3.4 STATUS OF P VS NP PROBLEM

The detailed review of the existing body of knowledge relating to the NP and P problems will
include but not limited to:

I. Computational complexity theory

ii. Computability theory

iii. The P vs NP problem
iv. Graph theory

V. Maximum Clique Problem

Vi. Quantum computational theory
vii. Graph embedding
viii. Algorithm analysis and Design

3.5 CONVERT A RELATIONAL DATABASE INTO A DIRECTED LABELED
GRAPH

A Directed labeled graph Gy, may be constructed from a relation database as follows:

i. Ifall relations in the database are at most 2-arity (meaning they have only one or two
attributes), and the elements for all tables come from a set U then the set U is
identified with the vertex set V of the graph. This means there is a node in the graph

for each element occurring in a row and column of every table in the database.

ii. The l-arity relations (the relations consisting of a single attribute) can be represented
by a loop connecting an element u € V to itself and labeled with the name of the 1-
arity relation. Similarly, a 2-arity relation involving a pair of elements u, is indicated
as an edge (u, u’) labeled by the name of the relation.

iii.  Since any given element u or pair of elements u, u' may appear in multiple tables there
may be multiple loops of edges in the graph (though these edges will all have
different labels).

iv. Atable element may appear in multiple positions in one or more tables. In principle, a
single graph node could be used to represent this element and the element would
have multiple edges or loops emanating from the node. This reuse would save space
in the representation of the graph.
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3.6

v. Most databases do not have only 1 -arity and 2-arity relations. Commonly, relations

have more than two attributes, and often have keys which are compound (the table

requires the specification of more than a single attribute to uniquely specify a row).

A relation with more than 2 attributes, it is converted to a 2-arity relations follows:

a)

b)

section 4.2

For a table with a attributes, any set of a-1 attributes which uniquely identify a
row may be aggregated into a single compound attribute. Then, the 2-arity
table consisting of two attributes is formed: firstly the single compounds
attribute and secondly the remaining attribute which was not included in the
definition of the compound attribute.

Another way to view the conversion of non-2-arity relations to 2-arity
relations is the following; A table with more than two attributes is a hyperedge
in the hypergraph representing the database. To convert the hypergraph to a
graph a new node is introduced for each hyperedge. This new node is then
connected to all the other nodes in the hyperedge. In this way the node
corresponding to the key is a unique node which identifies the hyperedge.

A row of a relation with arity A (with A>2) is converted into a graph of A+1
nodes. Nodes 1 through A represent the information stored in each of the A
attributes. Node A+1 represents the key for the row (since the key uniquely
identifies the row). The key node is connected to each of the attribute nodes.
The edge between the key and the ith attribute is labeled Raj, where R is the
relation name and a; is the ith attribute name.

The pseudo algorithm to convert a relational database into a directed Graph is presented in

CONVERT A QUERY INTO A DIRECTED LABELED GRAPH

A query labeled directed graph (Gg), being a representation of the database solution space
subset may be constructed as follows:

I. An analogy to the database procedure above may be used to represent queries. Any

conjunctive query may be represented by the conjunction of a number of single

relation queries, for example:
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the SQL statement;

SELECT a.*,b.Student_Name, b.Sudent_Tel,c.Course_Name,c.Course_Lecturer
FROM

Registration a, Student b, Course ¢

WHERE

a.Reg_Student_No = b.Student_No AND a.Reg_Course_Code = c.Course_Code AND
c.Course_Lecturer = '‘Mr. Mwaura'.

This SQL statement query involves three tables and returns the details of students
who have registered in a Course taught by “Mr. Maura”. This query may be
processed exactly as in Method 4.3 above where now each table includes only a single
row (unless the same table is referred to multiple times in the query), and the row may
involve variables. The only difference is that nodes associated with variables are
annotated to include this information. This procedure may be extended to allow for
negation of predicates. For queries with multiple bodies—disjunctive queries (i.e.,
representing OR operations)—the query for each body is formed in the same manner

as described above in reference to conjunctive queries.

It may be desirable to minimize the sizes of the graphs produced by converting
databases and queries to graphs. In particular, the complexity of an SQL query may
be a function of the number of nodes in both the database and query graphs, in which
case it may be desirable to extract only the portion (or portions) of the database that

is relevant to answering the query.

The database may be pruned in the two ways alluded to above: firstly only tables
associated with the query are included, and secondly all such tables are projected
down to eliminate rows which do not match grounded (i.e., bound versus free or

unbound) variables. This sets the database domain for all variables

Appendix A figure 4 lists the SQL query used as the test control for the development of the

graph algorithms and the expected resulted as generated from the student database. These

results are finally compared with the maximum clique algorithm results.

The pseudo algorithm to convert a query, by pruning the relevant representation of the

database solution space into a directed Graph is presented in section 4.3
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3.7 GENERATE AN ASSOCIATION GRAPH OF THE DATABASE AND QUERY

The association graph G,
(1). Ga=(VaEa)
may be constructed from a database graph Gy, and a query graph G, as follows:
I.  Vertices of the association graph (a-vertices) are possible pairs of vertices from V,
and Vg having the same label, i.e.,

(2). Va={(Vb,Va)IVb & Vg = Hq(Vb,Vq )}

As described above, the edge/loop label mappings return sets of labels. Equality
between label sets,

(3)- K(Vb) = H(Vg),

means that the sets are identical, that is, they have the same number of elements and
the same elements

ii. Edges of the association graph (a-edges) may be defined to be present/absent as
follows. If

(4). (Vbvq)eV,

I.e. Vp and vq have compatible label sets, and
(5). (Vb, V'€ Va

then these two a-vertices may be connected.

The pseudo algorithm to generate the association graph is presented in section 4.4

3.8 MAXIMUM CLIQUE OF THE ASSOCIATION GRAPH

The association graph above is constructed in order to allow identification of labeled graphs
common to both Gy and Gq.

i. The goal is to identify the largest common labeled pseudograph by finding a largest
(maximum size) clique in the association edges. A maximal clique is a set of fully
connected nodes in a graph such that an additional node cannot be added to the set

with the set still remaining fully connected. The set of nodes making up a maximal
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clique is not necessarily a maximum clique, that is, the largest set of mutually
connected nodes.

ii.  The maximum or max clique (MC) problem in a graph
(6). G=(V, E)
having vertex set V and edge set
(7). E eVxV

or equivalently the largest subset of nodes of V all pairs of which are connected by
an edge, also known as the largest clique. MC is related to the maximum independent
set problem (MIS) through the complement graph, in other words, the MC of G is
equal to the MIS of co-G where

(8). co-G=(V,E®) and
(9). E=(VXx V)\E
So E°is the set of anti-edges of G. MC is an NP complete problem.

iii. The maximum clique in the association graph identifies a set of a-vertices in V..
Recalling that the a-vertices consist of pairs of vertices from G, and G4 these flagged
a-vertices define the values for the variables in the query by matching the vertex with
the paired vq vertex with the paired vy. If the clique consists of all vertices of the
association graph then the query can be matched exactly (in which case the query
could also have been solved with a standard SQL query).

iv.  Of most interest is the case where the largest common pseudograph is a subset of the
query. In this case there is no exact match so any standard SQL query would return
an empty set of results. However, the largest common sub-graph identifies the next
best response to the query which requires the least number of relaxations to satisfy
the query.

v. By employing the present systems, methods and articles, a query or database search
may be reduced to the determination of cliques in the association graph formed from
the query and the relevant portion of the database. As discussed below, a number of
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Vi.

algorithms exist that may be used to solve the (max) clique problem, including both
classical and quantum approaches.

Maximum clique is a well studied problem and there are many complete and
incomplete methods. The typical association graphs that result from queries or
database searches are large enough that complete methods are impractical and so
focus is placed on incomplete search methods. Such methods will return large
cliques, but not necessarily the largest cliqgue. A number of such methods exist
including Reactive Local Search, Deep Adaptive Greedy Search, k-opt algorithm,
Edge-AC+LS and Dynamic Local Search among others.

The solution to the above maximum clique problem is an NP problem. The Maximum Clique

problem algorithm for the association graph is presented in section 4.5

3.9

MAXIMUM CLIQUE ON A QUANTUM COMPUTATION PARADIGM

Quantum computing offers an alternative for solving maximum clique problems. The clique

problem is embodied directly in physical hardware and natural physical evolution processes

can be harnessed to determine cliques.

Each clique in the association graph gives a relaxation of the query. Larger cliques
give better scoring and closer to ideal relaxations. The present systems, methods and
articles employ the discovery of many preferably large cliques. Most of the classical
heuristics and quantum algorithms are stochastic and naturally return random
solutions. By repeatedly running such algorithms a number of distinct solutions may
be obtained.

To decrease the likelihood that previously discovered answers are returned many of
these algorithms can be modified so that a tunable amount of randomness affects the
results. The higher the randomness setting the smaller the cliques but the more likely
it is that the clique will be different from any previously discovered clique. Given this
tunable randomness setting, the randomness may be slowly increased so that the
better cliques are the first to be discovered.

Rather than finding large cliques in the association graph it may be useful to directly
search for large common subgraphs between the query and database labeled
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pseudo-graphs. There are algorithms which address this problem, but typically they
have been developed only for simple graphs. In some cases however these algorithms
are directly extensible to labeled pseudographs.

3.10 ALGORITHM ANALYSIS USING O-NOTATION

An algorithm can be said to exhibit a growth rate on the order of a mathematical function if
beyond a certain input size n, the function f(n) times a positive constant provides an upper
bound or limit for the run-time of that algorithm. Big O notation is a convenient way to
express the worst-case scenario for a given algorithm, although it can also be used to express
the average-case — for example, the worst-case scenario for quicksort is

(10). © (n?), but the average-case run-time is
(11). © (n log n) (Sedgewick, 1978)

The above algorithms will be analysed for their efficiency using the Big ® notation

3.11 COMPARISON OF TURING AND QUANTUM COMPUTATIONAL
PARADIGM

From the algorithms analysis, it will be possible to correlate the behavior of the both P and
NP problems under different computational paradigms. The analysis shall give the indications
of the effect of transforming P problems (Database Conversion to Directed Graph, Query
representation, Association graph generation) into an NP problem (Maximum clique
problem)

The behavior of the maximum clique problem on the quantum computational paradigm shall
either collaborate or invalidate the behavior of the NP under the new computation paradigm.

3.12 SUMMARY

It is envisaged that a method will be found that transforms a database query problem and the
relational database solution space (a problem in P) into labeled-directed graphs, the results of
the query being derived as a solution to the maximum clique of the graph; and derive the

same by graph embodiment into a quantum computer.
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CHAPTER FOUR: RESULTS

41 CURRENT STATUS OF P vs NP

A detailed literature review on the status of P vs NP problem has been described in section 2. Suffice
to say, the energy and interest geared towards resolving this open problem would warrant a research
paper on the “Current Status of the P vs NP” Problem.

As a sequel to this section, i undertake to present an academic paper on the same. This paper will
however not be part of this research project.

In summary, to understand the importance of the P versus NP problem let us imagine a world where P
= NP. Technically we could have P = NP, but not have practical algorithms for most NP-complete
problems. But suppose in fact we do have very quick algorithms for all these problems. Many focus
on the negative, that if P = NP then public-key cryptography becomes impossible. True, but what we
will gain from P = NP will make the whole Internet look like a footnote in history.

Since all the NP-complete optimization problems become easy, everything will be much more
efficient. Transportation of all forms will be scheduled optimally to move people and goods around
quicker and cheaper. Manufacturers can improve their production to increase speed and create less
waste.

Learning becomes easy by using the principle of Occam’s razor (Occam's, 2002), we simply find the
smallest program consistent with the data. Near perfect vision recognition, language comprehension
and translation and all other learning tasks become trivial. We will also have much better predictions
of weather and earthquakes and other natural phenomenon.

P = NP would also have big implications in mathematics. One could find short, fully logical proofs for
theorems which are usually extremely long. We can also use the Occam razor principle to recognize
and verify mathematical proofs as typically written in journals. We can then find proofs of theorems
that have reasonable length proofs say in fewer than 100 pages.

A person who proves P = NP would walk home from the Clay Institute not with $1 million check but
with seven (actually six since the Poincaré Conjecture appears solved).

However, most complexity theorists generally believe P # NP and such a beautiful world cannot exist.
Could Quantum Computers Solve NP-Complete Problems?

While we have randomized and nonrandomized efficient algorithms for determining whether a
number is prime, these algorithms usually don’t give us the factors of a composite number.

Much of modern cryptography relies on the fact that factoring or similar problems do not have
efficient algorithms. In the mid-1990s, Peter Shor (Shor, 1997) showed how to factor numbers using a
hypothetical quantum computer. He also developed a similar quantum algorithm to solve the discrete
logarithm problem. The hardness of discrete logarithm on classical computers is also used as a basis
for many cryptographic protocols. Nevertheless, we don’t expect that factoring or finding discrete
logarithms are NP-complete. While we don’t think we have efficient algorithms to solve factoring or
discrete logarithm, we also don’t believe we can reduce NP-complete problems like Clique to the
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factoring or discrete logarithm problems. So could quantum computers one day solve NP-complete
problems? This is part of the question this research project attempts to investigate.

42 CONVERT A DATABASE INTO ADIRECTED LABELLED GRAPH

42.1 ALGORITHM

The algorithm requires that:
e The database b, has a set of relations R; Where
(12). R =r;fori=1, .., |R|
o The resultant graph Gy, is a labelled directed graph where
(13). Gy=(Vi, Ep, Hb)

1. Procedure GENERATEGRAPH(R);

2. Vo< [I; BEo€ [l o€l [MNnitialize the graph

3. ForrieRdo //loop over all the relations in the database
4 TableName:=RELNAME(r;);

5. KeyAttrib:=GETKEY (r;);

6 For t ¢ TUPLES(r;) do

7 n<t[KeyAttrib];

8

9

V, < ADDNODE(n,Vy);
If ISCOMPOUND(KeyAttrib) and (PARTY(r;)) > 2 then; //Add compound key as
Node
10. For i :=1to |KeyAttrib| Do
11. a:=n[i];
12. V,=ADDNODE(a,Vy);
13. E,:=ADDEDGE(<n,a>,Ey);
14. Mp(n,a):=TableName.KeyAttrib[i];
15. End for
16. End if
17. NonKeyAttrib < KeyAittrib;
18. If ISEMPTY (NonKeyAttrib) then /INo non-key attributes so add a loop
19. E<ADDEDGE(n,n);
20. Mp(n,n):=TableName;
21. Else
22. Forie 1, [NonKeyAttrib] do //Add edge between key and non-key attribute
23. m<t[NonKeyAttrib[i]];
24. V, < ADDNODE(m,Vy);
25. E,:=ADDEDGE(<n,m> E);
26. Mp(n,m):=TableName.NonKeyAttrib[i];
217. End for
28. End if
29. End for
30. End for

31. End Procedure
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4.2.2 DESCRIPTION
A Labelled directed graph is generated from the database as follows:

i. If all the relations in the database are at most 2-arity (meaning they have only one or two
attributes) and the elements of all tables came from a set U, then the set U is identified with
the vertex V, of the graph. This means there is a node in the graph for each element

occurring in a tuple and a column of every table in the database

ii. The method processes all relations, and for each relation adds the appropriate nodes to the
vertex list and the appropriately hames edges to the edge list and name mappings. The table
name is obtained and used as the basis for naming edges. The KeyAttrib list records the
attributes which are keys for the table. At line 6 begins a loop over all the rows in the table. t
labels any particular row. For this row, the values corresponding to the keys are extracted
and added to the node list.

iii. The ADDNODE function adds the node to list of vertices V. If the node is already present
mV it is added again. If the key to the table is compound (there is more than 1 attribute in the
key), then nodes are also added for the values of all key attributes in t. An edge is added
from each of these attribute nodes to the node representing the compound key for the row.
Each node is labeled by TableName.keyAttrib[i] where KeyAttrib[i] is the attribute name for
ith attribute node.

iv. Next, edges are added between the key node and the values in the non-key attributes. If there
are no non-key attributes (line 18) then a loop is added on the key node. The loop is labeled
by the table's name. If there are non-key columns in the table, an edge is added from the
compound node to each of these non-key nodes. Each edge is labeled by
TableName.nonKeyAttrib[i] where NonKeyAttribl[i] is the attribute name for the i non key
attribute node.

The results of the algorithm as simulated using the student database are presented in Appendix B,
table 1- Adjacency matrix representation of the database graph.

4.2.3 ANALYSIS

i.  Firstinner loops, and let n = KeyAttribs or n = NonKeyAttribs
Line 22- 1 operation (initialization) + 2(n + 1) operations (Tests) + n operations =
2n+ 2
Line 23-26: 4 arithmetic operation executed n times = 4n operations

Total number of operations for the inner loop operations (lines 22 - 26) = (2n + 2) +
4dn=6n+2
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Thus, the running time of the inner loop is ® (n), or linear time since control passes
to either of the loop based on the if condition.

Second the outer loop:

Line 6-1 operation (initialization) + (n + 1) operations (test) + n operations
(increment) = 2n + 2 operations

Line 7-8-2 arithmetic operation executed n times = 2n operations
Body of Second outer loop =Total number of operations for inner loop executed n
times

(14). (3n +2n+ 2) * n = 3n"2 + 2n"2 +2n
Total number of operations

(15). 2n + 2 (line 1) + 3n"2 + 2n"2 +2n (body of Second outer loop) = 5n"2 + 2n

Thus, the running time of the nested loops is ® (n"2).
Outer loop:
Line 1- 1 operation (initialization) + (n + 1) operations (test) + n operations
(increment) = 2n + 2 operations
Line 2-3: 2 arithmetic operation executed n times = 2n operations
Body of outer loop =Total number of operations for Second inner loop and inner loop
executed n times

(16). (3n +2n+ 2) * n *n = 3n"3 + 2n"3 +2n operations
Total number of operations

(17). 2n + 2 (line 1) + 3n"3 + 2n"3 +2n (Second outer loop) = 3n"3 + 4n + 2
Thus, the running time of the nested loops is ® (n"3).

The running time for the algorithm to convert the relational database into a directed
labeled graph is

(18). ©(n™3).
Since n is bound to the total rations in the database U, the running time is therefore

(19). O(RIN3).

As the number of relations R in a database increases, the running time of the algorithm
increases by power of 3.
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43 CONVERT A QUERY Q, INTO ADIRECTED LABELLED GRAPH.

43.1 ALGORITHM

The algorithm involves the pruning of the database d into smaller database (Subset of d) being the
representation of the solution space relevant to the Query,

The algorithm requires that:

o The database has a set of relations R Where
(21). R=Ryfori=1, ..|R|
e Aqueryq,
(22). 9={Q1,Q2,... Qla| }
¢ Minimal database R’ Where
(23). R’ =r;fori=1, .. |q|
e The resultant graph G, is a labelled directed graph G,
(24). Gg=(Vq, Eq, Ko

Procedure PRUNEDATABASEGRAPH(R, q);
Foriegl,q| do
[Attribs, Vals] € GROUND(Q;);
r €GETTABLE(Q);
r €SELECTANDPROJECT (r;,Q;,Attribs,Vals);
End for
End Procedure

No o k~wdkE

4.3.2 DESCRIPTION

i. For each table (Q;) entering into the query the set of attributes (attribs) which are grounded is
determined, and as is the value (vals) to which each attribute is constrained. In line 4 the table
referenced by Q;retrieved from the database.

ii. In SELECTANDPROJECT a row is eliminated from the table by selecting down to include

only the rows which have the assigned values for the attributes and which are then projected
out to include only those columns of Q; involving variables.

The results of the algorithm as simulated using the student database are presented in Appendix B,
table 2 — Adjacency matrix representation of the query graph.
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4.3.3 ANALYSIS

i.  The function SELECTAND PROJECT, let Ri=nand gi =n
Line 5
(25). n*n+2(n) = n"2 + 2n operations
Thus, the running time of the function is

(26). O(n"2)
ii.  Quter loop:

Line 1-1 operation (initialization) + (n + 1) operations (test) + n operations
(increment) = 2n + 2 operations

Line 3-4 - 2 arithmetic operation executed n times = 2n operations
Outer loop =Total number of operations for SELECTAND PROJECT executed n
times =

(27). (3n +2n+ 2) * n = 3n"2 + 4n"2 +2n

operations
Total number of operations =

(28). n"2 +2n + 3n"2 + 2n"2 +2n =5n"2 + 4n
Thus, the running time of the nested loops is O(n"2).

The running time for the algorithm to convert the Query into a directed labeled graph

is O(n"2).

Since n is bound to the query attributes in the query Q, the running time is therefore

O(la|"2).
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44 GENERATE ASSOCIATION GRAPH (G, FROM THE PRUNED QUERY
(Gq) AND DATABASE (Gp)

441 ALGORITHM
The algorithm requires that:

e A set of pruned relations R; Where
(29). R=r;fori=1, .. rR|
e A pruned query q’; Where ¢’
(30). g =Q’ifori=1,.,]q|
e The association graph G,
(31). G=(V., E))
is formed from the query and the database graph

1. Procedure FORMASSOCIATIONGRAPH(R,q’);

2. Vo< [ BE<s /lnitialize the graph

3. ForQieq do //Generate and store graphs for each query subgoal
4, [V{.E{, H'1€ROWGRAPH(Q);

5. Endfor

6. ForrieR do

7. TableName:=RELNAME(r;);

8. AttribNames:=ATTRIBNAMES(r;);

9. For t e ROWS(r;) do

10. V€<ROWNODES(t)

11. E.€ROWEDGES(t)

12. Foriel to|q| Do

13. V’.:=ASSOCIATENODES(V,,V;,V{, Hq TableName)

14. E’.;= ASSOCIATEEDGES(V’,Et,E,, 1y TableName, AttribNames)
15. V,€ROWNODES(V,,V’,)

16. E.€ROWEDGES(E,E’,)

17. End for

18. End for

19. EndFor

20. End Procedure

4.4.2 DESCRIPTION
An Association graph is generated from the pruned database and the Query as follows:

i. The graph for the pruned query is constructed and stored (line 4). Then looping over all
pruned relations and all rows in each relation is performed. For each row t the nodes V, and

edges E, for the row are determined (lines 10 and 11). The nodes are simply the elements in
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the attributes of the table and an additional key node if required. The edges connect all

attributes to the key node.

ii.  Once the graph for the row has been defined, it may then compared with the graphs for each
of the |g| query subgoals. For each subgoal, the association graph vertices may be defined by
pairing variable nodes from the query with compatible row nodes.

iii. Compatible nodes have the same labeled loops which can be determined from the relation
name (stored in TableName). Note that some of these a-vertices may have previously been
generated. Even in such cases V’, includes all a-vertices generated by the tuple and the
subgoal graphs. However, when these a-nodes are added to the set V, of a-vertices

duplicates are not permitted (line 15).

iv. The ASSOCIATEEDGES routine then generates the a-edges that are generated between the
a-vertices stored in \V’,. Compatible edges can be identified by knowing ' the relation name
(TABLENAME) and the attribute names (AttribNames). Some of these edges may have
previously been generated, but some will be new (for example those nodes connected to the
key). ADDEDGES appends only the new edges to the a-edge set E..

The results of the algorithm as simulated using the student database are presented in Appendix B,
table 3 — Adjacency matrix representation of the association graph.

443 ANALYSIS

The Construction of the Association Graph (G,) from the pruned query and Database is
similar to the conversion of the database into a directed graph only that this time around, the
graph is created from the pruned database to reflect the query solution space.

The running time for the algorithm to generate the association is @(n"3).

Since n is bound to the number of vertices v in the database graph, the running time is

therefore @ (v|3).
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45 MAXIMUM CLIQUE OF THE ASSOCIATION GRAPH G..

451 ALGORITHM
The algorithm requires that:

e Association Graph G,
(32). Ga=(VaEa),
e Lower bound on clique I, (default, 0).
e The result is the size of the maximum clique in the graph

1. procedure MAXCLIQUE(G,,lp)

2. max < Iy

3. forigeltondo

4 if d(vi) >= max then // Pruning 1
5. U <0;

6 for each vj & N(vj) do

7 if j > i then // Pruning 2
8 if d(v;) >= max then //Pruning 3
9. U < U U{v}

10.  CLIQUE(G,, U, 1)

CLIQUE Recursive Subroutine

1. procedure CLIQUE(G, U, size)

2 if U =0 then

3 if size > max then

4 max €< size

5. return

6 while |U| > 0 do

7 if size + |U| <= max then //Pruning 4
8 return

9. Select any vertex u from U

10. u<u \{u}

11. N’(w) :={wlwe N@u) ~d(w) >=max // Pruning 5
12. CLIQUE(Ga,U NN’(u), size + 1)

452 DESCRIPTION
I.  The maximum clique for the association graph is found by computing the largest

clique containing each vertex and picking the largest among them. A key element of
the algorithm is that during the search for the largest clique containing a given
vertex, vertices that cannot form cliques larger than the current maximum clique are
pruned, in a hierarchical fashion.
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Vi.

Vii.

viil.

iX.

Throughout the algorithm, the variable max stores the size of the maximum clique
found thus far. Initially it is set to be equal to the lower bound Ib provided as an input

parameter, and it gives the maximum clique size when the algorithm terminates.

To obtain the largest clique containing a vertex vi, it is sufficient to consider only the
neighbors of vi. The main routine MAXCLIQUE thus generates for each vertex vi €

V a set U ¢ N(vi) (neighbors of vi that survive pruning) and calls the subroutine
CLIQUE on U.

The subroutine CLIQUE goes through every relevant clique containing vi in a
recursive fashion and returns the largest. The subroutine is similar to the Carraghan-
Pardalos algorithm (R. Carraghan and P. Pardalos, 1990)

We use size to maintain the size of the clique found at any point through the
recursion. Since we start with a clique of just one vertex, the value of size is set to be
one initially when the subroutine CLIQUE is called (Line 10).

Our algorithm consists of several pruning steps. The pruning in Line 4 of
MAXCLIQUE (Pruning 1) filters vertices having strictly fewer neighbors than the
size of the maximum clique already computed. These vertices can be safely ignored,

since even if a clique were to be found, its size would not be larger than max.

While forming the neighbor list U for a vertex vi, we include only those of vi’s
neighbors for which the largest clique containing them has not been found (Line 7,
Pruning 2), to avoid recomputing previously found cliques. Furthermore, the pruning
in Line 8 (Pruning 3) excludes vertices vj ¢ N(vi) that have degree less than the
current value of max, since any such vertex could not form a clique of size larger

than max.

The pruning strategy in Line 7 of subroutine CLIQUE (Pruning 4) checks for the case
where even if all vertices of U were added to get a clique, its size would not exceed
that of the largest clique encountered so far in the search, max.

The pruning in Line 11 of CLIQUE (Pruning 5) reduces the number of comparisons
needed to generate the intersection set in Line 12. Pruning 4 is used in most existing
algorithms, whereas pruning steps 1, 2, 3 and 5 are new.
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The results of the algorithm as simulated using the student database are presented in Appendix B,
table 4 — Adjacency matrix representation of the maximum Clique graph. table 5 shows the results of
maximum clique translation into the equivalent database representation while table 6 shows the results
of maximum clique being the same as that of the initial relational database query used for the
development, testing and simulation of the .

4.5.3 ANALYSIS
First inner while loop, and let n = Size

The while loop loops for log(i) times, so inside one iteration of the for i loop, ¢ * log(i)
operations are done. In total

(33). c*log(1) + c*log(2) + c*log(3) + ... + c*log(n)

The two nested for loops and the recursive Clique procedure call would introduce the
exponential growth on the n of order 2, as the number of vertices grows

The running time for this algorithm to find the maximum clique is @(2*n).
Since n is bound to the total vertices in the database U, the running time is therefore ©(2/ul).
This represents an exponential growth of order 2 as the number of vertices increases.

Clearly, the modified maximum clique algorithm still exhibits exponential tendencies making
a perfect NP-Complete problem

To militate against the exponential growth, the pruning sections introduced ensure that the
algorithm terminates if the given size of the clique is not found.

Though the algorithm returns the size of the maximum clique, getting the clique subgraphs is
a non-trivial task as it would requires extraction of the sub-graph forming the maximum
clique of the returned size.

46 MAXIMUM CLIQUE ON QUANTUM COMPUTATION.

A Quantum Algorithm for finding the maximum Clique on a graph is given by Allan Bojic
(Allan, 2012), A Quantum Algorithm for finding the maximum Clique on a graph.

Bojic algorithm gives the complexity of the worst case scenario as o(|V[/2/¥1). If [v| = n, the
running time is therefore 0(n,/2" )

This is a tremendous improvement compared to the @(2”*n) of the classical implementation of
the maximum clique described in section 4.5 above
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CHAPTER FIVE: DISCUSSION

From the results of algorithm analysis in chapter 4, we have been able to show that:

A method does exist that can transform a relation database into a directed labeled graph. The
running time complexity of the algorithm is @(n"3). As n increase, the performance
degrades rapidly. However in normal database implementation, n is tightly bound by
the number tables and relations therein. The running time is there limited to the
number of relations R. This yields a running time complexity &(|n|*3) for n=R

A method exists that can transform the query into a query database graph being a
representation of the database solution space. The running time complexity of the algorithm is
o(n"2). As n increase, the performance degrades rapidly. However in normal
database implementation, n is tightly bound by the number variables and table
relations in the query. The running time is therefore limited to the number of relations
g. This yields a running time complexity @ (|n|*2) for n=q

A method exists that generate an association graph of the database and query graph. The
running time complexity of the algorithm is ®@(n"3). As n increase, the performance
degrades rapidly. However in normal database implementation, n is tightly bound by
the number tables and relations therein. The running time is there limited to the
number of relations R. This yields a running time complexity @ (|n|*3) for n=R

The maximum clique of the association graph yields the solution to the query. The algorithm
running complexity is ©(27*n). Since n is bound to the total vertices in the database U, the
running time is therefore @ (2*u[). The algorithm has an exponential growth of order 2 on
the number of vertices in the association graph. This reinforces the fact that maximum clique
is a NP-Complete problem.

A method exists that transforms the maximum clique into a quantum computation paradigm.
The time complexity of the algorithm is O(|V|+/ 2I¥1)The algorithm has greatly improved on
the quantum computation by 2-order square root.

The relationship between the generation of the query graph and the database graph is interesting.
While running time complexity for the generation of the database graph is in order of 3 of the input
size, the query is in order of 2 of the query input size i.e Number of relations within the query. Instead
of generating the database graph and the query graph separately, the association graph could be
generated directly by pruning the database query representation. By directly generating the association
graph this way, the running time complexity can be significantly reduced to the order of 2/3 of the
database table relation @ (N2/3).

Of greatest interest is the relationship between the maximum clique algorithm on a classical
computation paradigm (Turing) and the quantum computational paradigm. On quantum
computation, the performance improves by the root of the input. This improvement can be
attributed to the extra state of the Qbits superimposition in the quantum mechanicals.
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CHAPTER SIX: CONCLUSION

From the hypothesis, it suffices to conclude that there is a high likelihood of the N =NP.
However the relationship between the maximum clique algorithm on a classical computation
paradigm (Turing) and the quantum computational paradigm has opened a new thought into
the relationship between P and NP problems.

As mentioned earlier, the improvement of the maximum clique problem on quantum
computation paradigm may be attributed to the extra bit, Qubit that can be superimposed to
give 4 state (0,1,0’, 1’) as opposed to the normal classical computing paradigm of 2 states
(1,0).

The limitation of the classical computation paradigm is by itself hedged on the current
representation of the states by use of current flow as medium of realizing the implementation.

Moreover, many of the quantum algorithms are likewise based on the classical
implementation.

CONJUCTURE

Supposing we had a new element Oracle Q in the periodic table, with N states. It suffices to
say that it would be possible reduce the computational time complex of many NP-Complete
problems with the root of N. This would be sufficient to solve many of the NP problems
hopefully in polynomial time

Since the Oracle Q element does not exist at the moment, then it suffices to say that the P vs
NP problem cannot be resolved under the current computational paradigm. A new, Q
computational paradigm is required to resolve the problem.
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FURTHER WORK

The following areas, arising from the research project are proposed for further research:

I.  The algorithms presented are independent of the implementation platform. Further
work is required to implement the algorithms and run tests to derive actual

computation complexity in both time and space.

ii.  The maximum clique problem on quantum computation is based on the Alan Jobic
algorithm (Jobic, 2012) which is an improvement of the Grower’s database search
algorithm (Grower, 1996) Further research is required on the effect of using Shor’s

fourier transformation quantum computation algorithm (Matthew, 2005).

iii.  CERN, has announced the possibility of the Boson particle (CMS collaboration;
Khachatryan, Sirunyan, Tumasyan, Adam, Aguilo, Bergauer, Dragicevic, et al. 2012)
identified by the Large Hydron Collider (LHC) experiment as being the elusive Higgs

Boson. Further research on what value the Boson can add.

iv.  Further research on use of labeled directed graph embodiment as way to improve

database query problems using the methods presented
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APPENDIX A - THE STUDENTS TEST DATABASE

FIGURE 2 - THE STUDENT DATABASE E-R DIAGRAM

Student Course

Registration

FIGURE 3 - THE SAMPLE DATA USED IN THE STUDENT DATABASE

A STUDENTS DATA

Student_No Student_Name | Student_Tel | Student_Address | Student DOB
P56/1000/2005 | Shadrack 0722112233 | 321 NBI 16/08/1973
P56/1001/2005 | John 0722112234 | 322 NBI 17/08/1973
P56/1002/2005 | Paul 0722112235 | 323 NBI 18/08/1973
P56/1003/2005 | Mwangi 0722112236 | 324 NBI 19/08/1973
P56/1004/2005 | Kamau 0722112237 | 325 NBI 20/08/1973
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B. COURSES DATA

Course_Code | Course_Name Course_Hrs | Course_Room | Course_Lecturer

Coo1 Introduction 30 Lecture Room 1 | Mr. Mwaura

C002 Algorithms 30 Blue Room Prof. Waema

C003 Complexity 30 Theatre 1 Mr. Orwa

C004 Automata Theory 30 Hall 3 Dr. Wanjiku

C005 Programming 30 Theatre 1 Mrs. Masinde
C. REGISTRATION DATA

Reg_Student No | Reg Course Code | Reg Date | Reg Semister

P56/1000/2005 C001 01/11/2012 | Sem 1

P56/1000/2005 C002 01/11/2012 | Sem 2

P56/1000/2005 C003 01/11/2012 | Sem 3

P56/1003/2005 C003 01/11/2012 | Sem 2

P56/1003/2005 C004 01/11/2012 | Sem 1

P56/1003/2005 C005 01/12/2012 | Sem 3

P56/1004/2005 C001 01/12/2012 | Sem 2

P56/1004/2005 C005 01/12/2012 | Sem 2

P56/1001/2005 C001 01/12/2012 | Sem 1

P56/1001/2005 C002 01/12/2012 | Sem 3

D. SQL STATEMENT AND EXPECTED RESULTS

Select a.*,b.Student_Name, b.Sudent_Tel,c.Course_Name,c.Course_Lecturer

FROM

Registration a, Student b, Course c

WHERE

a.Reg_Student_No = b.Student_No AND a.Reg_Course_Code = c¢.Course_Code
AND c.Course_Lecturer = 'Mr. Mwaura'

Student_No Student_name | Student Tel | Reg_date Reg_Semister Course_Name | Course_Lecturer
P56/1000/2005 | shadrack 0722112233 | 01/11/2012 | Sem 1 Introduction | Mr. Mwaura
P56/1001/2005 | john 0722112234 | 01/12/2012 | Sem 2 Introduction | Mr. Mwaura
P56/1004/2005 | Kamau 0722112237 | 01/12/2012 | Sem 1 Introduction | Mr. Mwaura
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APPENDIX B - THE ALGORITHMS TEST RESULTS

TABLE 1 - STUDENT DATABASE GRAPH ADJACENT MATRIX

REPRESENTATION
TableName.keyAttrib[i]
TableName.nonKeyAttribl[i] Student.Student_No Course.Course_Code
P56/100/05 P56/101/05 P56/102/05 P56/103/05 P56/104/05 €001 €002 €003 €004 €005
Shadrack 1 0 0 0 0 0 0 0 0 0
John 0 1 0 0 0 0 0 0 0 0
Student.Student_name Paul 0 0 1 0 0 0 0 0 0 0
Mwangi 0 0 0 1 0 0 0 0 0 0
Kamau 0 0 0 0 1 0 0 0 0 0
0722112233 1 0 0 0 0 0 0 0 0 0
0722112234 0 1 0 0 0 0 0 0 0 0
Student.Student_Tel 0722112235 0 0 1 0 0 0 0 0 0 0
0722112236 0 0 0 1 0 0 0 0 0 0
0722112237 0 0 0 0 1 0 0 0 0 0
321 NBI 1 0 0 0 0 0 0 0 0 0
322 NBI 0 1 0 0 0 0 0 0 0 0
Student.Student_Address 323 NBI 0 0 1 0 0 0 0 0 0 0
324 NBI 0 0 0 1 0 0 0 0 0 0
325 NBI 0 0 0 0 1 0 0 0 0 0
16/08/1973 1 0 0 0 0 0 0 0 0 0
17/08/1973 0 1 0 0 0 0 0 0 0 0
Student.Student_DOB 18/08/1973 0 0 1 0 0 0 0 0 0 0
19/08/1973 0 0 0 1 0 0 0 0 0 0
20/08/1973 0 0 0 0 1 0 0 0 0 0
Introduction 0 0 0 0 0 1 0 0 0 0
Algorithms 0 0 0 0 0 0 1 0 0 0
Course.Course_name Complexity 0 0 0 0 0 0 0 1 0 0
Automata 0 0 0 0 0 0 0 0 1 0
Programming 0 0 0 0 0 0 0 0 0 1
30 0 0 0 0 0 1 0 0 0 0
30 0 0 0 0 0 0 1 0 0 0
Course.Course_Hrs 30 0 0 0 0 0 0 0 1 0 0
30 0 0 0 0 0 0 0 0 1 0
30 0 0 0 0 0 0 0 0 0 1
Lecture Room 1 0 0 0 0 0 1 0 0 0 0
Blue Room 0 0 0 0 0 0 1 0 0 0
Course.Course_Room Theatre 1 0 0 0 0 0 0 0 1 0 0
Hall 3 0 0 0 0 0 0 0 0 1 0
Theatre 1 0 0 0 0 0 0 0 0 0 1
Mr. Mwaura 0 0 0 0 0 1 0 0 0 0
Prof. Waema 0 0 0 0 0 0 1 0 0 0
Course.Course_Lecturer Mr. Orwa 0 0 0 0 0 0 0 1 0 0
Dr. Wanjiku 0 0 0 0 0 0 0 0 1 0
Mrs. Masinde 0 0 0 0 0 0 0 0 0 1
01/11/2012 1 0 0 0 0 1 0 0 0 0
01/11/2012 1 0 0 0 0 0 1 0 0 0
01/11/2012 1 0 0 0 0 0 0 1 0 0
01/11/2012 0 0 0 1 0 0 0 1 0 0
Registration.Reg_date 01/11/2012 0 0 0 1 0 0 0 0 1 0
- 01/12/2012 0 0 0 1 0 0 0 0 0 1
01/12/2012 0 0 0 0 1 1 0 0 0 0
01/12/2012 0 0 0 0 1 0 0 0 0 1
01/12/2012 0 1 0 0 0 1 0 0 0 0
01/12/2012 0 1 0 0 0 0 1 0 0 0
Sem 1 1 0 0 0 0 1 0 0 0 0
Sem 2 1 0 0 0 0 0 1 0 0 0
Sem 3 1 0 0 0 0 0 0 1 0 0
Sem 2 0 0 0 1 0 0 0 1 0 0
’ ! . Sem 1 0 0 0 1 0 0 0 0 1 0
Registration.Reg_Semister Sem3 ) ) 0 1 0 0 0 0 0 1
Sem 2 0 0 0 0 1 1 0 0 0 0
Sem 2 0 0 0 0 1 0 0 0 0 1
Sem 1 0 1 0 0 0 1 0 0 0 0
Sem 3 0 1 0 0 0 0 1 0 0 0
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TABLE 2 - STUDENT QUERY GRAPH ADJACENT MATRIX REPRESENTATION

TableName.nonKeyAttrib[i]

TableName.keyAttrib[i]

Student.Student_No

Course.Course_Code

P56/100/05

P56/101/05

P56/102/05

P56/103/05

P56/104/05

Co01

C002

C003

o]
=]
o
i

a

Student.Student_name

Shadrack

1

0

0

0

0

0

0

0

John

Paul

Mwangi

Kamau

Student.Student_Tel

0722112233

0722112234

0722112235

0722112236

0722112237

Course.Course_name

Introduction

Algorithms

Complexity

Automata

Programming

Course.Course_Lecturer

Mr. Mwaura

Registration.Reg_date

01/11/2012

01/11/2012

01/11/2012

01/11/2012

01/11/2012

01/12/2012

01/12/2012

01/12/2012

01/12/2012

01/12/2012

Registration.Reg_Semister

Sem 1

Sem 2

Sem 3

Sem 2

Sem 1

Sem 3

Sem 2

Sem 2

Sem1

Sem 3

o|o|o|o|o|o|o|r|r|r|o|o|o|o|o|o|o|r|r|r|o|o|o|o|o|o|o|o|o|o|r|o|o|o|o

Rr|o|o|o|o|o|o|o|o|r|r|o|o|o|o|o|o|o|o|o|o|o|o|o|o|o|o|o|r|o|o|o|o|r

o|o|o|o|o|o|o|o|o|o|o|o|o|o|o|o|o|o|o|o|o|o|o|o|o|o|o|o|r|o|o|o|o|r|o

o|o|o|o|r|r|r|o|o|o|o|o|o|o|r|r|r|o|lo|o|o|o|o|o|o|o|o|r|o|o|o|o|r|o|lo

o|o|r|r|o|o|o|o|o|o|o|o|r|r|o|o|o|o|o|o|o|o|o|o|o|o|r|o|o|o|o|r|o|o|o

o|r|o|r|o|o|o|o|o|r|o|r|o|r|o|o|o|o|o|r|r|o|o|o|o|r|o|o|o|o|o|o|o|o|o

rlolo|o|o|o|o|o|r|o|r|o|o|o|o|o|o|o|r|o|lo|o|o|o|+|o|o|o|o|o|o|o|o|o|o

o|o|o|o|o|o|r|r|o|lo|o|o|o|o|o|o|r|r|o|o|o|o|o|r|o|o|o|o|o|o|o|o|o|o|o

o|o|o|o|o|r|o|o|o|o|o|o|o|o|o|r|o|o|o|o|o|o|r|o|o|o|o|o|o|o|o|o|o|o|o|e

o]
ofo|r|o|r|o|o|o|o|o|o|o|r|ofr|o|o|o|o|o|ofr|o|o|o|o|o|o|o|o|o|o|o|o|o(o|8
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TABLE 3 - ASSOCIATION GRAPH ADJACENT MATRIX REPRESENTATION

TableName.nonKeyAttrib[i]

TableName.keyAttrib[i]

Student.Student_No

Course.Course_Code

P56/100/05

P56/101/05

P56/102/05

P56/103/05

P56/104/05

C002

C003

C004

a

Student.Student_name

Shadrack

1

0

0

0

0

0

0

0

John

Paul

Mwangi

Kamau

Student.Student_Tel

0722112233

0722112234

0722112235

0722112236

0722112237

Course.Course_name

Introduction

Course.Course_Lecturer

Mr. Mwaura

Registration.Reg_date

01/11/2012

01/11/2012

01/11/2012

01/11/2012

01/11/2012

01/12/2012

01/12/2012

01/12/2012

01/12/2012

01/12/2012

Registration.Reg_Semister

Sem1

Sem 2

Sem 3

Sem 2

Sem 1

Sem 3

Sem 2

Sem 2

Sem 1

Sem 3

o|o|o|o|o|o|o|r|r|r|o|o|o|o|o|o|o|r|r|r|o|o|o|o|o|of+|o|o|o|e

Rr|o|lo|o|olo|o|o|o|r|r|o|o|o|o|o|o|o|o|o|o|o|o|o|r|o|o|o|ofr

o|o|o|o|o|o|o|o|o|o|o|o|o|o|o|o|o|o|o|o|o|o|o|o|r|o|o|o|o|r|e

o|o|o|o|r|r|r|olo|o|o|o|o|o|r|r|+|o|o|o|o|o|o|r|o|olo|o|r|o|e

o|o|r|r|o|o|o|o|o|o|o|o|r|r|o|lo|o|o|o|o|o|o|r|o|o|o|o|r|o|o|e

o]
o|r|o|r|o|o|o|o|o|r|o|r|o|r|o|o|o|o|o|r|r|r|o|o|o|o|o|o|o|o|o|o|s
=

lo|o|o|o|o|o|o|r|o|r|o|o|o|o|o|o|o|r|o|o|o|o|o|o|o|o|o|o|o|o

o|o|o|o|o|o|r|r|o|o|o|o|o|o|o|o|r|r|o|o|o|o|o|o|o|o|o|o|o|o|e

o|o|o|o|o|r|o|o|o|o|o|o|o|o|o|r|o|o|o|o|o|o|o|o|o|o|o|o|o|o|e

o]
ofo|r|o|r|o|o|o|o|o|o|o|r|o|r|o|o|o|o|o|o|o|o|o|o|ofo|o|o|o|o|o|8
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TABLE 4 - MAXIMUM CLIQUE ADJACENT MATRIX REPRESENTATION

TableName.nonKeyAttrib[i]

TableName.keyAttrib[i]

Student.Student_No

Course.Course _Code

P56/100/05

P56/101/05

P56/102/05

P56/103/05

P56/104/05

C002

C003

C004

a

Student.Student_name

Shadrack

1

0

0

0

0

0

0

0

John

Paul

Mwangi

Kamau

Student.Student_Tel

0722112233

0722112234

0722112235

0722112236

0722112237

Course.Course_name

Introduction

Course.Course_Lecturer

Mr. Mwaura

Registration.Reg_date

01/11/2012

01/11/2012

01/11/2012

01/11/2012

01/11/2012

01/12/2012

01/12/2012

01/12/2012

01/12/2012

01/12/2012

Registration.Reg_Semister

Sem1

Sem 2

Sem 3

Sem 2

Sem 1

Sem 3

Sem 2

Sem 2

Sem 1

Sem 3

o|o|o|o|o|o|o|o|o|o|o|o|o|o|o|o|o|o|o|o|o|o|o|o|r|o|o|o|o|r|e

o|o|o|o|r|r|r|olo|o|o|o|o|o|r|r|r|o|o|o|o|o|o|r|o|o|o|o|r|o|e

lo|o|o|o|o|o|o|r|o|r|o|o|o|o|o|o|o|r|o|o|o|o|o|o|o|o|o|o|o|o

o|o|o|o|o|o|r|r|o|o|o|o|o|o|o|o|r|r|o|o|o|o|o|o|o|o|o|o|o|o|e

o|o|o|o|o|r|o|o|o|o|o|o|o|o|o|r|o|o|o|o|o|o|o|o|o|o|o|o|o|o|e

o]
ofo|r|o|r|o|o|o|o|o|o|o|r|o|r|o|o|o|o|o|o|o|o|o|o|ofo|o|o|o|o|o|8

»lo|o|o|o|o|o|o|r|r|r|o|o|o|o|olo|o|r|r|r|o|o|o|o|o|o|r|o|o|o|o

»lrlk|o|o|o|o|o|o|o|o|r|r|o|o|olo|o|o|o|olo|o|o|o|ofr|o|o|o|ofr

Maximum Clique = 20
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TABLE 5 - MAXIMUM CLIQUE SOLUTION

A. THE CLIQUE TRIMMED

TableName.keyAttribl[i
TableName.nonKeyAttribl[i] Student.Student_No Course.Course_Code
P56/100/05 P56/101/05 P56/104/05 C001
Shadrack 1 0 0 0
Student.Student_name John 0 1 0 0
Kamau 0 0 1 0
0722112233 1 0 0 0
Student.Student_Tel 0722112234 0 1 0 0
0722112237 0 0 1 0
Course.Course_name Introduction 0 0 0 1
Course.Course_Lecturer Mr. Mwaura 0 0 0 1
01/11/2012 1 0 0 1
Registration.Reg_date 01/12/2012 0 0 1 1
01/12/2012 0 1 0 1
Sem 1 1 0 0 1
Registration.Reg_Semister Sem 2 0 0 1 1
Sem 1 0 1 0 1

B. THE CLIQUE TRANSLATED

COLUM ROW
P56/100/05 Shadrack
P56/101/05 John
P56/104/05 Kamau
P56/100/05 0722112233
P56/101/05 0722112234
P56/104/05 0722112237
Co01 Introduction
C001 Mr. Mwaura
P56/100/05 01/11/2012
C001 01/11/2012
P56/104/05 01/12/2012
P56/101/05 01/12/2012
P56/100/05 Sem 1

C001 Sem 1
P56/104/05 Sem 2

C001 Sem 2
P56/101/05 Sem 1

C001 Sem 1

C. THE CLIQUE QUERY RESULTS

Student.Student_No

Student.Student_name

Student.Student_Tel

Registration.Reg_date

Registration.Reg_Semister

Course.Course_Name

Course.Course_Lecturer

P56/1000/2005 Shadrack 0722112233 01/11/2012 Sem 1 Introduction Mr. Mwaura
P56/1001/2005 John 0722112234 01/12/2012 Sem 2 Introduction Mr. Mwaura
P56/1004/2005 Kamau 0722112237 01/12/2012 Sem 1 Introduction Mr. Mwaura
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TABLE 6 - FINAL RESULTS COMPARISON

A. CONVENTIONAL SQL STATEMENT AND EXPECTED RESULTS
Select a.*,b.Student_Name, b.Sudent_Tel,c.Course_Name,c.Course_Lecturer
FROM
Registration a, Student b, Course c
WHERE
a.Reg_Student_No = b.Student_No AND a.Reg_Course_Code = c.Course_Code
AND c.Course_Lecturer ='Mr. Mwaura'
Student_No Student_name | Student Tel | Reg_date Reg_Semister Course_Name | Course_Lecturer
P56/1000/2005 | shadrack 0722112233 | 01/11/2012 | Sem 1 Introduction | Mr. Mwaura
P56/1001/2005 | john 0722112234 | 01/12/2012 | Sem 2 Introduction | Mr. Mwaura
P56/1004/2005 | Kamau 0722112237 | 01/12/2012 | Sem 1 Introduction | Mr. Mwaura

B. GRAPH APPROACH BY USE OF MAXIMUM CLIQUE RESULTS

Student.Student_No

Student.Student_name

Student.Student_Tel

Registration.Reg_date

Registration.Reg_Semister

Course.Course_Name

Course.Course_Lecturer

P56/1000/2005 Shadrack 0722112233 01/11/2012 Sem 1 Introduction Mr. Mwaura
P56/1001/2005 John 0722112234 01/12/2012 Sem 2 Introduction Mr. Mwaura
P56/1004/2005 Kamau 0722112237 01/12/2012 Sem 1 Introduction Mr. Mwaura
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