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Abstract

In this thesis two quantum search algorithms on two different graphs, a hypercube and
a d-dimensional square lattice, are analysed and some applications of the lattice search

are discussed.

The approach in this thesis generalises a picture drawn by Shenvi, Kempe and Whaley,
which was later adapted by Ambainis, Kempe and Rivosh. It de nes a one parameter

family of unitary operators U, with parameter | . It will be shown that two eigenvalues
of U, form an avoided crossing at the | -value where U, is equal to the old search

operator.

This generalised picture opens the way for a construction of two approximate eigen-
vectors at the crossing and gives rise to a 2 2 model Hamiltonian that is used to
approximate the operator U, near the crossing. The thus de ned Hamiltonian can be
used to calculate the leading order of search time and success probability for the search.

To the best of my knowledge only the scaling of these quantities has been known.

For the algorithm searching the regular lattice, a generalisation of the model Hamiltonian
for m target vertices is constructed. This algorithm can be used to send a signal from
one vertex of the graph to a set of vertices. The signal is transmitted between these
vertices exclusively and is localised only on the sender and the receiving vertices while

the probability to measure the signal at one of the remaining vertices is signi cantly



smaller.

However, this effect can be used to introduce an additional sender to search settings
and send a continuous signal to all target vertices where the signal will localise. This
effect is an improvement compared to the original search algorithm as it does not need

to know the number of target vertices.
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CHAPTER 1

Introduction

1.1 Examples for classical search algorithms

Search algorithms are a tool frequently used in every day life. In general, there are two
different types of search algorithms depending on the structure of the problem, that is,

if the underlying database is sorted or not. It is easy to nd a name in a telephone book
because all entries are sorted in an alphabetical order, but if that would not be the case?
Imagine the entries are in some random order. What is the most ef cient way to nd a
telephone number? It would be necessary to go through all entries until the demanded
person is found. Obviously, % entries would have to be checked on average if N is the

number of entries in the book.

There are numerous search problems, the randomly ordered telephone book being
just one example. The probably most prominent example is the travelling salesman
problem which has a long standing history starting in the 19th century and probably

rst discussed by Kirkman and Hamilton (see [ 4] on the history): a salesman has to visit
a given number of towns exactly once in no particular order and return to his hometown.

The search problem is to identify the shortest among all possible routes. In its most
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abstract form, the towns can be considered as being the vertices of a fully connected
metric graph and the distances between the towns are identi ed with the lengths of the
bonds connecting the vertices. Now the solution of the problem is the shortest cycle on

the graph that visits all vertices once.

A third example is the so called class of Boolean satis ability problems, short k-SAT [5].
The problem asks for ad-digit string of Boolean variables (x1, X2, X3, ...,Xq) that ful Is
a set of given clauses. Each clause consists df Boolean variables that are connected by
the logical OR. The set of clauses is connected by the logical AND operation, that is,
every clause has to have at least one Boolean variable equall RUE for a Boolean string
(X1, ...,Xq) to be recognised as solution. An example for 3-SAT is

E= (X OR X2 OR: x3) AND (X7 OR: x2 OR x4) AND ..., (12.1.1)
where : is the logical NOT operation.
k-SAT can be solved using a random walk on a hypercube since the set of Boolean strings
with d entries can be identi ed with the set of vertices of a d-dimensional hypercube as

both sets consists of d-digit strings containing 0's and 1's. The solution can be found

using the following algorithm:

1. start with a random con guration for %
2. check E (x%):

if E (%) is true: give x as solution and stop

if E (%) is false, proceed to step 3
3. choose arandom integeriin f1,...,dg

4. change theith entry of x and returnto step 2.

This is just an example of a search algorithm that nds a solution for the k-SAT Problem,

it is clear that the algorithm will be faster, if it keeps track of the vertices that have been
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visited previously such that each vertex x is not visited more than once. Apart from that
the algorithm described above can be improved in several other ways but it served well

as example.

In 2002, Braichet al.solved a 20 variable 3-SAT Problem on a DNA Computer [ 6].

1.2 Overview

1.2.1 Quantum random walks

In 1993 Aharonov, Davidovich and Zagury introduced a one dimensional model for a
guantum random walk [ 7]. This model considers a quantum particle, that is, a particle
described by a wave function, performing a random walk. It is shifted a distance | either
to the left or to the right depending on whether its spin state is up or down. After each
shift the spin state can be arranged in a superposition of up and down. If both operations
are applied alternately, the particle will spread out on the line. A measurement of the
position after each shift operation leads to the quantum particle performing a classical
random walk. However, if the position is not measured the particle performs a so called
“gquantum random walk' and the average distance from the starting position will increase
faster than for classical random walks (see 7, 8, 9] or section 2.2.2. This clear difference
from the behaviour of a classical random walk occurs due to destructive interference

near the starting position.

In general, there exits two distinct classes of quantum random walks, continuous and
discrete time quantum random walks. An introductory overview on quantum random

walks, which also highlights the difference between discrete time and continuous time
guantum random walks, can be found in[ 9]. For the discrete time quantum random

walk the position space can also be regarded as discretised. This leads to a position space
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with a lattice structure which can be considered as graph. These graphs underlying
the quantum random walks are highly regular and have the same bond length for all
bonds. In particular it is interesting to outline the differences between classical and
guantum random walks. As calculated by Aharonov, Davidovich and Zagury, quantum
random walks are able to spread faster through a system [7, 9, 10]. Aharonov, et al. [10]
also showed, that the quantum speed up of random walks is at most polynomial. For a
classical 1-dimensional random walk the average distance from the starting position
increases with P T, where T is the number of applications of the shift operation. Notably,
the propagation of a quantum random walk on a line is essentially ballistic, that is, the

average distance is proportional T.

Quantum random walks play also an important role in quantum computation. In 1998,
Farhi and Gutmann presented an analysis using continuous time quantum random
walks to construct a quantum algorithm for decision trees. They showed that if a
classical algorithm needs a time polynomial in the size of the problem, the quantum
algorithm presented in their paper is as ef cient. On the other hand an example has
been introduced for which the classical algorithm needs an exponential time whereas

the quantum algorithm succeeds again in polynomial time.

One can also de ne the notion of a “hitting time', that is, the time that is needed to
propagate from one vertex of a graph to another one. The result in this setting is again

that quantum random walks are signi cantly faster than classical [ 11, 12].

Disorder in the graph underlying the quantum random walk has been investigated in

[13] and a review on quantum walks with decoherence can be found in[ 14].

Some general reports on the usage of quantum random walks for quantum algorithms
have been presented by Kendon [ 15] or Santha [16]. Quite recently, a few reports on

experimental realisations of quantum random walks have been published [17, 18, 19, 20,
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21].

In this thesis, only discrete time quantum random walks are discussed. The connection

to quantum graphs is highlighted in [ 22].

1.2.2 Quantum search algorithms

It has been shown by Grover [ 23] that a quantum search algorithm may nd its target
among N database entries in a timeO P N whereas a classical algorithm takes a time
O (N) as in the example of the random telephone book above. It is important to note
that Grover's algorithm solves the problem in a time that scales optimalin N as itis
known that quantum search algorithms can not scale faster in the numberN of database

entries than P N [23, 24).

A somewhat related class of quantum search algorithms are search algorithms on a
spacial structure, that is on a graph, based on quantum random walks on these graphs.

Both classes of quantum random walks, lead to a class of quantum search algorithms.

In 2003 Shenvi, Kempe and Whaley discussed a quantum algorithm searching a d-
dimensional hypercube and two years later, Ambainis, Kempe and Rivosh introduced a
guantum search algorithm on a d-dimensional square lattice [25]. These algorithms have
both some analogies to Grover's search algorithm R3], and are both based on a discrete
time quantum random walk. The only difference to a pure quantum random walk is

that the target of the search is ‘'marked' in some way which leads to a local perturbation
of the quantum random walk on the underlying graph and have some analogies to
Grover's algorithm. They succeed to nd the target vertex in atime of order O P N

(apart from the search on the 2 dimensional lattice that scales like O P NIinN ).

On the other hand, a search algorithm on ad-dimensional lattice based on a continuous

time quantum random walk, has been investigated by Childs and Goldstone [26]. Using
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position space only, the algorithm nds the target in a time in time P N for d> 4and
0] P NIn N infour dimensions. In a second report [ 27], Childs and Goldstone added
a spin degree of freedom and used a lattice version of the Dirac Hamiltonian and found

. . . . . Pp_— .
a speed up for lower dimensions. This second search algorithm scales like N time

stepsford> 2 and O P NIn N intwo dimensions.

Just last year, Potocek et al. have shown that the search on the hypercube can be

improved by a factor 191—E [28] by introducing an auxiliary dimension.

1.2.3 Computer science

As quantum search algorithms are somewhat related to the topics of quantum computa-

tion, a short introduction on computer science is added to this introductory chapter:

Modern computer science started in 1936 when Turing developed a model for an abstract
computer, now called “Turing machine' [ 29]. The Turing machine was constructed to
do computations and can be considered the rst model of a programmable computer.
Turing claimed that this machine is able to calculate any algorithm that can be solved on

any hardware, which includes a modern computer or a mathematician.

In computer science it is often interesting to analyse the complexity of a given problem.
In the example of the random telephone book mentioned above, the classical algorithm
takes O (N) time steps to nd the demanded entry while Grover's algorithm succeeds

inonly O P N time steps.

Since the rst suggestion of quantum computers by Feynman in 1982 [ 30], research on
guantum computers has risen many interesting questions, see e.g.[ 5] for an introduc-
tion Two years after Feynman's proposal, Deutsch suggested a model for a universal
guantum computer, a quantum generalisation of the Turing machine [  31]. It has then

been shown that quantum computers are at least as powerful as classical computers.
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This is no surprise since at their deepest level, classical computers are ruled by the laws
of quantum mechanics. The inverse problem is much more interesting: Are quantum
computers more powerful than their classical counterparts? In 1992 Deutsch and Jozsa

have shown that this is indeed the case [32].

The most prominent examples for ef cient quantum algorithms is Shor's algorithm for
prime factorisation of an integer N that succeeds in a time polynomial in log N [33], and
Grover's algorithm [ 23] for the search of an unsorted database. A realisation of Shor's
algorithm in an photonic chip has been investigated by Politi, Matthews and O'Brien

[34].

1.2.4 Quantum graphs

It might also be interesting to give a short review of the related but not central eld of

guantum graphs.

Not unlike graphs in graph theory, quantum graphs consist of a set of vertices and a
set of one dimensional bonds connecting these. These structures itself are not quantum
but one can imagine a quantum particle or wave package propagating through the
system. The propagation on the bonds is a solution of the one dimensional Schrodinger
equation and the propagating particle or wave is scattered whenever it reaches a vertex.

Introductions on quantum graphs can be found in many reports like [ 22, 35, 36, 37, 3§].

The rst application of quantum graphs in physics has been done in 1936 by Pauling

who constructed a model for the free electrons in hydrocarbons [ 39.

More than 10 years ago Kottos and Smilansky [37, 40] discovered that quantum graphs
can also be used as a model for classically chaotic systems if the bond lengths are chosen
rationally independent, see also [ 41]. This opened a new approach to the study of

guantum behaviour of classically chaotic systems.
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In recent years, the study of quantum graphs has become a eld with many applica-
tions. Just recently, Schapotschnikow and Gnutzmann used Pauling's ansatz for the
calculations of the spectra of larger molecules [ 42] but quantum graphs can also be
used calculate limiting behaviour for wave guides in the limit where the widths of the
channels is small compared to any other lengths scale B3], transport through networks
[44], localisation effects [45], quantum decay in open chaotic systems 6, 47] or quantum

ergodicity [ 48].

Quantum graphs have also been simulated experimentally [ 49.

1.2.5 Notations regarding the growth and decay of a function

Throughout this thesis the computer science notations to characterise the growth or
decay of a function are used. f(x) = O (g(x)) denotes that there exist two positive
constantsxg > Oand a> 0, such that for all x > xptheinequality 0 f(x) ag(x)is
true. Similarly f (x) = W(g(x)) will be writtenif 0 bg(x) f(x) forall x > xq for
some constantsxg, b > 0. Furthermore, f (x) = Q (g(x)) denotes thatf (x) = O (g(x))

aswellas f (x) = W(g(x)).

1.3 Structure and agenda

Chapter 2 starts with more detailed de nitions of the underlying graphs, quantum
random walks and search algorithms and collects all fundamental de nitions used in

this thesis.

In the following chapter, chapter 3, a search algorithm on the hypercube is introduced
and the relevant operators are de ned in more detail. In the scope of this chapter a new

2 2model of the search operator is constructed. This model will be explained in detail
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and used to calculate the rst order of localisation amplitude and of the time necessary
for the localisation effects. In chapter 4 the model outlined in the preceding chapter is
again applied to analyse a search algorithm on a regular d-dimensional lattice. Again
the leading order contributions of localisation time and amplitude at the target vertex

are calculated.

Some applications of the search algorithm on the lattice as introduced in chapter 4 will
be presented in chapter 5. The algorithm will in particular be used to search for more
than one target and it will be discussed how this mechanism can be applied to send a
signal though the graph. This setting can also be used to improve both, the lattice search
and Grover's search algorithm. Additional to that, some ideas to observe the localisation
effect in an experimental situation will be presented. This chapter is followed by some
thoughts about why the search algorithm leads to a localisation and which properties

might play a role in the localisation process in chapter 6.

In chapter 7 a summarisation of the results is presented and some open questions are

discussed.



CHAPTER 2

Preliminaries and De nitions

2.1 The underlying graph

Figure 2.1 shows the sketch of a graph with 12 vertices and 19 bonds. In their most
general form they can be considered as networks consisting of vertices v connected by

bonds b, where each bond b; has a length I, that is assigned to it.

Let V and B be the sets of vertices and bonds and lejBj and jV| be their corresponding
cardinal numbers. For simplicity only connected graphs are considered, that is, graphs
which can not be divided into subgraphs without removing one or more bonds. Further-

more it will be assumed that for every pair of vertices i and j, there will be at most one

Figure 2.1: Sketch of a graph.

10
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bond connecting these for undirected bonds and at most one bond in each direction for
directed bonds. Directed bonds allow transition only in one direction while undirected
bonds treat both directions equally, this can be used to model systems with or without

time reversal symmetry.

Using this restrictions the ordered pair (i, ]) uniquely de nes the bond leading from

vertex i to vertex j. For undirected bonds the lengths I;; and ;; are equal.

A graph is called connected if it can not be divided into subgraphs without removing
some of its bonds. In other words, each vertex of a connected graph can be reached from

any other vertex by passing through at most jBj bonds.

The quantum dynamics on such a graphs is de ned by the Schrédinger equations for
the bonds and the solution are propagating waves. Continuity of the wave function at
the vertices demands that the wave function to be continuous: the wave functions on all

bonds leaving vertex i have the same limiting behaviour and approach the same value.

Let now k; be the number of incoming bonds at vertex i and I; be the number of
outgoing bonds. For simplicity k; = [; will be assumed at all vertices. Then the mapping
of incoming onto outgoing waves at i can be described using a;  k; matrix s' which is

called vertex scattering matrix.
Wave propagation on graphs has been discussed in [35, 36, 37, 38].

Following the line of [ 25, 5], the analysis in this thesis will be restricted to connected
k-regular graphs with undirected bonds. A k-regular graph is a graph, where all vertices
have the same number of outgoing bonds k. Furthermore all bonds of the graph will
have the same bond length which will, for convenience, be normalised to I;; = 1 for all
(i,j). Additional to that the vertex scattering matrices will be chosen identically and be
denoted ass = s' for all i. Later a special vertex scattering matrix will be introduced at

a small number of vertices denoted by s®

11
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In particular only two different types of graphs are regarded in this thesis. A d-
dimensional hypercube, that is, a cube in d dimensions and a d-dimensional square

lattice with nd vertices and periodic boundary conditions.

2.2 Quantum random walks

Now imagine a classical particle performing a random walk on a graph. When the
walker is started on an arbitrary vertex, one of the k outgoing bonds is chosen randomly,
say by throwing a dice or ipping a coin. Then the walker proceeds through this bond

to the next vertex, where again one out of k bonds is chosen for the next iteration. The
probability distribution of the position of the walker spreads out over the graph as time

increases.

Kempe presented an introductory overview on qguantum walks in [ 9] and discussed the
difference of continuous and discrete time quantum random walks in detail. However,

only the discrete time quantum random walk will be discussed here.

Since the propagation of the quantum random walk can be described by unitary opera-
tors, the quantum random walk is not random but deterministic, the name “quantum
random walk' is used, to stress the analogy to a classical random walk. However, if the
position of the quantum walker is measured after every step, it will perform a classical
random walk on the graph, whereas if the position is not measured, the walker will

remain in a superposition of many positions and interferes with itself.

2.2.1 The abstract quantum random walk

Quantum random walks on graphs are de ned in analogy to classical random walks

on classical graphs. The quantum walker is positioned somewhere on the graph and

12
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then a unitary operator s, called “coin ip', performs a transformation of an internal
degree of freedom. The space corresponding to this internal degree of freedom is called
“coin space' and the state can e.g. be imagined as spin state. Since the superposition of
outgoing bonds is chosen according to the walkers coin space state, the coin ip takes

the r6le of a vertex scattering matrix as described in 2.1

In a second manipulation, the walker is then propagated to the next vertex that is
chosen according to the walkers state in the coin space by a “shift operator'S. Since the
coin space state is typically a superposition of basis states, the waker is shifted into a

superposition of several vertices.

Let jii be the coin space state of the incoming quantum walker at vertex jvi, then the
overall state can be denoted as jii jvi. First the coin ip s is applied and the state

(sjii) jvi is obtained before the shift operator S shifts the walkerto S(sjii) jvi.

The main effect of S can be denoted as a permutations in position space as it changes the
position of the walker, but it may also perform a permutation in coin space. However,
S has to be de ned such that it does not violate the underlying graph by shifting the

walker to a new vertex that is not connected to the rst one by a bond.

The N-dimensional position space and thek-dimensional coin space de ne akN dimen-

sional Hilbert space for the quantum random walk.

2.2.2 Al-dimensional example

To provide some understanding of quantum random walks a quantum random walk on
a 1-dimensional lattice with periodic boundary conditions will be introduced. Figure
2.2shows a sketch of such a graph and provides a numbering for the vertices. It will be
assumed that there aren vertices in both directions, with n being large compared to the

number of time steps in the quantum random walk. Furthermore the vertices  jni and

13
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Figure 2.2: Sketch of a 1-dimensional line lattice.

j ni are identi ed due to the periodic boundary conditions. Thus the overall number

of vertices of the lattice is N = 2n.

Let the quantum random walk be started at the vertex jOi and let the two coin space
states be denoted ag! i = (1, O)T andj i = (0, 1)T. A typical state of the system will
be denoted asjivi = jii  jvi, where jii is a coin space state andjvi a state in position

space.

For this example the coin

0 1

1 i
s:pl—,% § (2.2.1)

2=,
i1
and the shift operator
¥

S= & (! i+1h! ij+j i 1h i) (2.2.2)

i= ¥
will be used. Both operators are taken from [ 9]. Note that the coin ip does not

distinguish between the two different coin state states but treats both directions equally.

Both operators can also be interpreted to de ne the wave propagation on the graph.

s takes the réle of the vertex scattering matrix: It de nes how much of the incoming
amplitude is re ected and how much passes through the vertex and adds a phase factor
to both outgoing waves. Sis the bond propagation matrix. Note that bond lengths and

wave vector have been chosen such that the phase factor due to bond propagation is 1.

Sinces acts only locally on the coin space, the tensor product and the identity operator

in position space are used to de ne a global coin ip

C:=s 1y (2.2.3)

14
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jvi |4 3 2 1 0 1 2 3 4
T=0 1

-1 b

=2 ST

11 R T B B
LS N R

Table 2.1: Probabilities for the quantum random walk.

that ips the coin of the quantum walker at all vertices simultaneously.

The quantum random walk is now de ned by an application of C followed by an

application of S, that s,

U= SC. (2.2.4)
Let the walk be started in the state
. . 1 . L .
jstarti = %(j! Oi+j 0i). (2.2.5)

After one time step, that is one application of U, the state results in
: L1+ o .
U jstarti = ?(j! 1i + ] 1i) (2.2.6)
and the probability to measure the walk at j1i orj 1iis % each.

For the rst four steps, the probability of the quantum random walk evolves as listed in
table 2.1, whereas a classical random walk with probability % of stepping right or left
evolves as shown in table 2.2. A clear difference between both random walks can be
noted at T = 4. Due to interference effects, the quantum walk as a signi cantly smaller

probability of returning to  jOi compared to the classical random walk.

Ambainis et al.[8] presented a detailed analysis of the difference between classical and

guantum random walks on a line. They also introduced absorbing boundaries to the
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jvi |4 3 2 1 0 1 2 3 4
T=0 1

T=1 b

T=2 T

=TI T
I

Table 2.2: Probabilities for the classical random walk.

process and found that the probability of the walk being absorbed by an absorbing

boundary directly left to the starting point is %, where in the classical case itis1. They
carried this investigation a step further, and discovered that the probability increases to
{% if there is a second absorbing boundary a large distance of m vertices away on the
other side. Classically, one would expect the probability to be absorbed on the left side

decreases due to the second boundary.

2.2.3 Continuous time quantum random walk

Although this thesis analyses quantum search algorithm constructed from discrete time
guantum random walks, a short introduction to continuous time quantum random
walks will be provided. Overviews and the relation to discrete time quantum random

walks or classical random walks have been presented in [9, 11, 51].

The continuous time quantum random walk takes place in position space only. That is,
no additional coin space is needed and no coin is ipped. This class of quantum random
walks are a quantum version of a classical continuous time Markov chain [52]. To obtain

a continuous time random walk, one classically, de nes an in nitesimal generating
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matrix H using a jumping rate g for transitions from one vertex to one of its neighbours:
8
% g ifi6& jandiandjare connected

%dig ifi =]

-0 otherwise

Hij = ) (2.2.7)

where d; is the number of vertices connected to i.

Let now P (t) be the probability distribution attime t, then the random walk will obey

the differential equation

d _
TP = Hp. (2.2.8)

This gives rise to the solution p (t) = exp( Ht) p(0).

To obtain a quantum process from this classical random walk, Farhi and Gutmann
[52] proposed that the matrix H now becomes a Hamiltonian and the time evolution is

de ned by the propagator U (t) = exp( iHt/h).

Overall, the main difference between the discrete and continuous time quantum random
walk is that the continuous time random walk takes place in position space only whereas
the discrete time quantum random walk needs an additional coin space. Although there
are differences, both models for quantum random walks have some similarities as the
fast spreading on a line [ 52] as discussed above for the discrete time model. Detailed
reports on the similarities and differences may be found in [ 9, 51]. The main advantage
of the continuous time quantum walk is the smaller Hilbert space which simpli es the
analysis. On the other hand, for the continuous time model it is harder to implement

guantum algorithms for graphs if the maximum degree of the graph is not small [ 51, 53].

Both quantum random walks can be used as a foundation for a quantum search algo-
rithm [ 25, 26, 27, 50]. However, for low dimensional lattices the continuous time search
algorithm with no additional auxiliary space is not as ef cient as the discrete time search

[26, 27).
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2.3 Quantum search algorithms

Quantum search algorithms are able to solve search problems that have one or more
solutions. For simplicity only the case for one solution will be discussed here. Given a
system of N states that are labelled vq, Vo, .. .,vyN. Let there be a unique yet unknown
target state, sayjv;i that satis es a given condition C implemented by a function C (V)

such that C(v¢) = 1and C(v;) = O for all states jvji 6 jvii.

The most prominent quantum search algorithm is Grover's search algorithm. It pro-
vides the means to identify the state v in atime O P N[5, 23,54]. A reporton an

experimental realisation of Grover's algorithm can be found in[ 55].

In general, the function implementing condition  C is often referred to as “oracle' and
treated as black box since the knowledge of C is not important. The only purpose of
C s to recognise the target state jvii among all possible input states v; by returning
a unique result if questioned for jvii. An equivalent problem to searching for jvii, is
to invert the unknown function  C since the target state is the unique state satisfying

vi=C 1(1)

2.3.1 Grover's search algorithm

The search algorithm for N states introduced by Grover in [ 23] is implemented by the

following rules:

1. initialise the system in the uniform distribution

. 1 1 1 1 T
| = — . p—,p—,...,p— 2.3.1
Iy %N %N FFN %N ( )

2. repeat the following unitary operations T times, where T is a particular, but yet

unknowntime T = Q pW
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(a) rotate the phase of all statesjvji by pC(v;)

(b) apply the unitary matrix D denedby Dj = 1+ %andDj= Zfori6 j

3. measure the resulting state |y resuiti -

Grover has shown that the outcome of the search has a notable overlap with the target

statejvii singled out by C(v{) = 1. The probability to nd |y esyti in jvii is at Ieast%.

A sketch of the proof is given below. A more detailed discussion will be postponed until

section 5.4, an interested reader can also nd proofsin [ 5, 23].

Nielsen and Chuang discussed a geometric approach for Grover's search algorithm in
[5]: The steps (2a) and (2b) of the algorithm map the 2-dimensional subspace spanned
by jvii and jyi onto itself. Step (2a) performs a re ection about a vector jai that lies in
this subspace and is orthogonal tojv;i. Similarly D = 2jyihyj 1y can be regarded as
re ection about jyi and as the starting state lies in this subspace, the state is trapped

there.

Both re ections applied in succession perform a rotation about an angle qthat is twice
the angle between jai and jyi. Therefore sin § = plﬁ and after T = Q P N cycles
over the loop of steps (2a) and (2b) the distance of jy jesyiti t0 jvii is minimal. If the
rotation is continued once the time T has passed, the distance will increase again as the

state is rotated away from jvii.

The quantum search algorithms discussed in this thesis are related to Grover's algorithm
in a sense that the algorithms can be interpreted as rotations in a two dimensional
subspace spanned by the uniform distribution which will be used as starting state and a
localised state that is close to the target state. Further details will be discussed in section

3.4.3
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2.3.2 The abstract search algorithm

To employ a quantum random walk as search algorithm, the underlying database of the
search has to be mapped on the vertices of the graph and an oracle is used to identify
the target vertex, that is, the vertex to which the target entry of the database has been
mapped. For simplicity, only locally indistinguishable graphs will be discussed, that

is, graphs where all vertices have the same number of bonds k and the same coin ip
operation is performed at all vertices. Furthermore, all bonds are assumed to be of
unit lengths, such that the same phase factor is added due to the propagation along
the bonds which will be chosen to be 1. In addition to that, the coin ip will treat all
bonds equally and only backscattering may appear with a different probability than

propagation in any other direction.

Let S be the moving shift and s the local coin ip matrix that is applied at all vertices. A
global coin ip that ips the coin on all vertices simultaneouslyisde nedby C=s 1\,
where  denotes the tensor product and 1y the identity operator in position space.
Since there arek outgoing bonds s isak k-matrix and the Hilbert space of the problem

is kN-dimensional.

The quantum random walk U is de ned by rst applying the global coin ip and then

the moving shift
U= SC (2.3.2)

The oracle ois de ned such that it rst scans the database entry mapped to vertex jvji
and then returns 0 whenever the entry is not the target entry of the search whereas
ojvii = 1if ENTRY (v;) is the target. Now, the return value of the oracle can be used to
mark jvii by choosing local coin matrices that depend on the oracle output such that s
is applied on all unmarked vertices whereas a different coin ip is applied at the target

vertex jvii.
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Following this line of thought, the abstract search algorithm is de ned as
u=sc s s% jwihyj, (2.3.3)

where s%is the marking coin applied at the target vertex only.

As shown in (2.3.3, the term that is added to U hastheform (s s9  jviihwj. Since
jvii hvij is a projection on the target vertex, the additional term changes at mostk? matrix

elements. AsU isakN kN-matrix, U%can be regarded as, up to a small perturbation,
identical to U. Thus, the abstract quantum search algorithm as described in this section

can be regarded as perturbed quantum random walks.
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Search algorithm on the

hypercube

This chapter starts with an introduction of a search algorithm as introduced by Shenvi,
Kempe and Whaley in [ 50]. The algorithm is constructed to search the graph of a
hypercube for a given but unknown target vertex. In this search model, the target vertex
acts as a local perturbation in an otherwise highly symmetric quantum random walk. In
the previous analysis [50], Shenvi et al. gave an analytical estimate the search time and

the localisation probability.

The approach used by Shenviet al.gives an estimate of the eigenvalues and eigenvectors
of the search operator. For the calculation presented here, only the eigenvalues of the
guantum random walk are needed which have been calculated in [ 56]. The model
introduced in this chapter de nes a one parameter family of unitary operators U,
(3.2.9). With increasing | , this family changes continuously from the unperturbed
guantum random walk to the search operator and back. This new picture reveals

avoided crossings in the spectrum as will be seen in gure 3.4
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The thus introduced family of unitary operators is then analysed in terms of eigenvectors
and eigenvalues. It is argued that only a few entries of the search operator change as
a function of the parameter | and the eigenvectors of the unperturbed system form
a convenient basis for the calculation of eigenvectors. However, it is argued that the
search algorithm is singled out in the family of unitary operators by an avoided crossing
visible when the spectrum is plotted as a function of | . The search algorithm is then

characterised by the eigenvectors and eigenvalues near the crossing al = 1.

The two eigenvectors at the crossing are calculated approximately and the approximate
eigenvalue equations are given in ( 3.3.2 and (3.3.10. The subspace spanned by these
two approximate eigenvectors is almost invariant under the action of the search operator
and it is shown that, while one approximate eigenvector acts as starting state, the second

is localised at the target vertex.

Therefore it is argued, that the search operator can be analysed in the two dimensional
subspace spanned by these vectors using a simple model Hamiltonian for the avoided
crossing in equation ( 3.4.1). This leads nally to an expression for the localisation

probability ( 3.6.3 and the search time (3.6.2. The result for the latter is found to agree
with the result obtained from numerical simulations of the search as presented in gure

3.5

3.1 De nitions and model

A d-dimensional hypercube is a graph whose vertices can be encoded using binary
strings with d digits containing either 0 or 1 as entry. Vertices, whose strings are equal
for all but one digit are connected as shown in gure 3.1 Thus each vertex is connected
to d neighbouring vertices via outgoing bonds and the dimension of the Hilbert space

H isdimH = dN, where N = 29 is the number of vertices of the graph.
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Figure 3.1: The hypercube in d = 3 dimensions.

The quantum search algorithm introduced by Shenvi, Kempe and Whaley in [50] will be
discussed in this chapter. As outlined in section2.3.2 quantum search algorithms can be
regarded as perturbed quantum random walks. The underlying quantum random walk

has been analysed by Moore and Russell 6] who calculated the full set of eigenvalues.

3.1.1 The underlying quantum random walk

In analogy to the discussion in section 2.2 the quantum random walk is ruled by a
unitary operator U = S(s 1,4), where s is the local coin ip on all vertices, Sisa

moving shift and 1.4 the identity operator in position space.

The uniform distribution in coin space jsi = p% &= ]ii is used to de ne the local coin

ip on each vertex as
s = 2jsihg  1;. (3.1.1)
This de nes the global coin that ips the coins on all vertices simultaneously as
C=s 1. (3.1.2)
The dN states of the system will be denoted as jixi = jii jxi, where jii is a vector

in the d-dimensional coin space and jxi a vector in the N-dimensional position space.

Using these notations the shift operator S can be denoted conveniently. Sinces transfers
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the state jixi into jix gi, where jgi is the unit vector in direction iand isthe sum

modulo 2, itis de ned as

S=

Il Qog

& jix eihixj. (3.1.3)
1 x

E
The eigenvaluesv, and eigenvectors A of the quantum random walk

U=SsC (3.1.4)

are discussed in b0, 56] and a detailed calculation can also be found in appendixA. Some
for the scope of this thesis unimportant  1-eigenvectors will be neglected as the analysis
will later be reduced to a subspace orthogonal to them. The remaining two eigenvalues

and orthonormalised eigenvectors that can be found for every d-dimensional binary

vectork are
v = e W=1q 2 giq|<(o| K) (3.1.5)
K d d -
do, wx2 92
ivi=aa(dy x%akibkjixi (3.1.6)
i=1 %

and
8
3 1/ Py if k= 1
a = 3.1.7)
2 P
- il d k ifkk=0
Compared to the previous calculations, a normalisation constant
8
Epi ifk=0ork=d
bk = § (318)
1 otherwise

has been added.

Since the eigenvalues are a function of k, they are (ﬂ) times degenerate. Furthermore
note that for k = Oand dthe cases are equivalent. For simplicity the notation will not

be altered but the + cases will be regarded only.
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3.1.2 The search algorithm

The quantum random walk can now be altered to create a search algorithm. A target
vertex jvi is introduced and marked by a different choice for the coin ip that will be
denoted as s® The perturber coin for the hypercube searchis s°= 14 which leads to

both, a simple analysis and an ef cient search algorithm.

To obtain the search algorithm from the unperturbed quantum walk, the old coin s is
subtracted and the perturber coin sCis added locally at the target vertex. This results in

a perturbed global coin ip
c’=c s s®° jvihvyj=C 2jsihs jvihyj. (3.1.9)
Since jsi is a 1-eigenvector of s the search algorithm U® = SC°can be simpli ed.

De ning the state jsvi := jsi jvi thatis localised at the marked vertex and uniformly

distributed in coin space,

= S(C 2Cjsihg jvihvj) (3.1.11)
=U 2Ujsvihsyj. (3.1.12)

Up to a few entries the operators U and U%are identical, in fact, an orthonormal basis
such that equality holds for all but one entry can be constructed using the vectors jsvi,

Ujsvi and dN 2 other basis vectors.

Numerical simulations of the search algorithm U Cverify the analytical observation by
Shenvi, Kempe and Whaley [ 50]. The algorithm indeed acts as search algorithm and,
starting from the uniform distribution, localises the quantum state at the marked vertex
after some time. Figure 3.2 shows the performance on a 12-dimensional hypercube
searching for the marked vertex jvi = 0 starting in the uniformly distributed state

E

jstarti = Mnjsi (B xjxi) = vg , where the sum is performed over all vertices of the
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Figure 3.2: Performance of the search algorithm: The search algorithm onthe d= 12
dimensional hypercube is projected on a line such that all vertices with the
same Hamming weight merge into one point. At t = 0the walk starts in the

uniform distribution and localises at the marked vertex v = 0 att = 74.

hypercube. The probabilities at the vertices have been projected on a line such that all

vertices with the same distance from the marked vertex are identi ed, see gure 3.3

The simulation shows that the search localises at the marked vertex aftet) °has been ap-
plied t = 74times. The even higher amplitude at Hamming weight jxj = éfj:lxi =1is
the sum of the probabilities for the 12 neighbours of jvi, where each of the neighbouring

vertices has a probability signi cantly smaller than the marked vertex.

3.2 Eigenvectors and eigenvalues of the search

For the analysis of the search algorithm, the eigenvectors and eigenvalues of UCare
discussed. Since the additional term U jsvi hsyj in equation (3.1.19 changes only a few

matrix elements of the quantum random walk, it can be treated as a small perturbation.

The analysis follows the line described below. First an operator U, is introduced that
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Figure 3.3: The Hamming weight jxj measures the distance betweenx and 0. To illus-
trate this, all vertices with the same Hamming weight are projected to one

point.

changes continuously from the quantum random walk to the operator of the search.
Then the eigenvectors and eigenvalues of the thus de ned operator are discussed. One
can easily see, the eigenvectors and eigenvalues can be organised such that only a few of
them change as a function of the parameter . Thus the subspace of the problem will be
reduced and restricted to the set of these eigenvectors only. The spectrum with respect

to this reduced subspace is nally be plotted in gure 3.4

3.2.1 Introduction of a one parameter family of unitary operators and

a reduced space

To analyse the search algorithmU®a one parameter family of unitary operators U; with
parameter | is de ned. The family is organised such that U, is unitary for all values of
| and changes continuously from U to U%as| changes from 0to 1. These conditions

are met by
U =U+ €P 1 Ujsvihsy. (3.2.1)

Note that U, is 2-periodicin | and equals U for all even integers whereas U, = UVif

| is odd. If analysed in the canonical basis, the operation | | 2p | acts as complex
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conjugation since U and jsvi hsyj are both real operators.

To de ne a maximal symmetry-reduced space it is crucial to note that all eigenvec-
tors of U orthogonal to jsvi remain eigenvectors of U, when | is chosen away from
zero and their eigenvalues remain unchanged. That these eigenvectors and their
eigenvalues are constant when varying | follows trivially from the de nition U =
U+ € 1 Ujsvihsyj. Therefore itis suf cient to concentrate the investigation on

eigenvectors that are not orthogonal to jsvi.

These vectors are obtained by a reorganisation of eigenvectors in each of the eigenspaces
of U such that the vectors are orthonormalised and there is only one eigenvector not
orthogonal to jsvi. Let the subspaceH Obe the space spanned by this set of vectors. Note
that this de nition ensures that H 9is the relevant subspace for the investigation because

the operators U and U, are different only in their action on this subspace.

Up to a normalisation constant, these vectors are obtained by a projection of jsvi into

the corresponding subspace.

To continue with the analysis, the scalar product of jsvi with an arbitrary eigenvector

- Po P
according to (3.1.6) is regarded. To simplify notation, a phase factor e 1« = kg d k

d
can be de ned and
D E p— y
vojsv o= ( ¥ 2 d Ipe ik, (3.2.2)
The span vectors of the subspaceH °can now be evaluated as
o . ED E
W, = q A v, Jsv (3.2.3)
jij=x
P— . E
= 2dlikp, § ( D v (3.2.9)

N
Jij=
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This gives normalised vectors of the form

E
1 o
we = a— & ( ' v (3.2.5)
(k) T
J=k
Again, the vectors de ned for k= 0and k = d will be restricted to Wg and W; as

these vectors are up to a phase factor identical to the corresponding cases. w, and

Wy will not be considered.

There are 2d 2 remaining vectors of type w, and it can be seen that the 2d 2

dimensional subspace HYis signi cantly smaller than H which is d29-dimensional.

Note that the vectors in this set are not independent of the marked vertex ¥. To simplify

the calculation ¥ = 0 can be chosen without loss of generality and

1 E
W, =&g— 4 Vv (3.2.6)
@ 7

=

is obtained for the normalised eigenvectors of U, =o. The general casev = afor some
vector a & 0 can easily be reconstructed by performing a transformation in position

spacex! x -8 where isagainthe sum modulo 2.

Although the reasoning for the construction of the subspace HZCis different from the
geometrical approach for the subspace in p(], both subspaces are identical since the set

of span vectors is the same. Note that per de nition, the perturber state jsvi isin H®

Using the same symbols for the operators in H9%as in the larger spaceH, U, is de ned

as
U =uU+ €P 1 Ujsvihsy (3.2.7)

where the operator U is now de ned via its action on its eigenvectors in the reduced

space
d 1
U=vi wg Wy +vy wy Wi +a vp wg wj +v, w, w,_ . (3.28)
k=1
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To simplify notation, a new index m is de ned to replace both indices, kand . Let
m 2 f d+ 1,dg such that fjmj,sgn(m)g = fk, g . This leads to an identi cation
W, = jWmi,v, = e k= eWm = vy, and for the phase factor de ned in equation

(3.2.2e lik=gim,
This simpli es the de nition of U in the reduced space to

d
U= & €"mjwmihwyj. (3.2.9)

m= d+1
To complete the introduction of the reduced space, jsvi is expanded in the basis of

span-vectors of H®

d
jsi= & jwWmihwmjsv (3.2.10)
m= d+1
g 1 o P E
= a ijwneg=— a A jsv , (3.2.11)
m= d+1 &

Jij=+

where the de nition ( 3.2.5 has been used. With equation 8.2.2 the expression simpli es

to
d 1 pi B
. - o . . o |
jsMi= 4 jwmig—— a 2 9 lbype'm (3.2.12)
m= d+1 (]r?'l]) LT
J1=imi
;S
p & T
= 2d1 g _d_ bme! ™ jwmi . (3.2.13)
e ger M

3.2.2 Spectrum of U,

Figure 3.4 shows the numerical calculation of eigenphases of U, in HOfor the 20-
dimensional hypercube as a function of | . The spectrum of the reduced space contains
several avoided crossings created by two eigenphases crossing diagonal through a
spectrum of otherwise nearly constant eigenphases. When varying | over a small
interval near one of the crossings, the eigenvalues not involved in that crossing hardly
change. Some of the avoided crossings with small gap have been enlarged in the gure

such that the character of the avoided crossing is clearly visible.
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Figure 3.4: Phases of the eigenvalues o, as a function of | in the reduced space for a

20-dimensional hypercube.
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Shenvi, Kempe and Whaley concentrated their analysis on the two eigenvalues of
U, =1 closest two 1 and this new model reveals that these eigenvalues have an avoided

crossing in the regionnearw = Oand| = 1.

It is known that oscillations between the two eigenstates of the avoided crossings can
occur at the crossing. They appear if the starting state is a linear combination of the

two exact eigenvectors, the state will then perform a rotation in the two dimensional
subspace of the eigenvectors of the system that are crucial for the crossing. See appendix

B for an introduction.

The crossings can be enumerated using the index m according to the eigenphases wp,

participating in the crossings.

Note that the eigenvector jwgi of U; = o with eigenphase 0 is the uniform distribution

and therefore identical to the start vector jstarti of the search shown in gure 3.2

Numerical simulations have shown that the walk U, localises at the marked vertex no
matter which state jwpi is used as starting state. The only conditions are that it has

an avoided crossing, that is, the distance in the crossing is smaller than the distance to
neighbouring eigenphases, and that the parameter | is chosen as thel -coordinate of

the mth crossing.

3.3 Approximative eigenvectors and eigenvalues of U, near

the mth crossing

Regarding the eigenphases not involved in the crossing as constant can be used to
reduce the dimension of the problem even further. Near each crossing, there is one
eigenvalue eV as de ned in ( 3.1.5. This eigenvalue remains in good approximation

constant when | is varied and belongs to the eigenvector jwpi of U; =o. The second
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eigenvalue in the crossing changes the phase continuously and is the eigenvalue of an

yet unknown vector.

Approximations to these two eigenvectors for each crossing will be used to construct a2-
dimensional subspace spanned by the approximated eigenvectors ofU, . This subspace
can be used to constructed a2 2 model Hamiltonian H such that e 'H yields a good

approximation for U, in this 2-dimensional subspace.

For most m's, the eigenphases of jwi are in good approximation constant when | is
changed and the vectors are assumed to be good approximations for the eigenvectors of

U, . This can be veri ed by applying U, to the eigenvectors of U

Ujwni + €P 1 Ujsvihsvjwni (3.3.1)
S

eWmjwni+ e 1 2d1 j:”. bme "mU jsvi . (3.3.2)

U| iji

Since the vectorU, jsvi is normalised, the second term on the right hand side scales like

(jr?qj)/ N, where N is again the number of vertices of the hypercube. For this reason
the error term vanishes for N ! ¥ and jwpi is indeed close to an eigenvector ofU, , as

longas N 1 andjmj not too close to %.

To obtain a vector that is approximately an eigenvector of U, and has an eigenphase
corresponding to one of the diagonal lines in the spectrum, a bit more effort is needed.
Letg (I ) be afunction such that the eigenvalues corresponding to the diagonal lines
in the spectrum are given by €9 () and let n  be the corresponding eigenvectors
such that the eigenvalue equation is approximately ful lled. A rough estimate can be

obtained by looking at gure 3.4and a rst approximationsto g (I ) is obtained as

g () 0 DY (3:33)

In this chapter, only the solution crossing at w = 0 will be considered, thatis, g(l)

(I 15,
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The yet unknown vector jn i is expanded in the basis of the set of span vectors w; of

HO Let
jni = a a w; (3.3.4)

be the normalised €'9()-eigenvector with some unknown set of coef cients g and let
jn i be orthogonal with respect to the other eigenvector that contributes to the mth
crossing, that is a = 0. The yet arbitrary phase of jn; i will be de ned by choosing the

scalar product with jsvi real and non-negative and a parameter bis de ned such that
b= hsvjni 2 [0,1]. (3.3.5)

Using these de nitions the eigenvalue equation takes the form

U jni=Ujni+ € 1 bUjsv (3.3.6)
. h . . i
=9 jni+ ujni €9 jni+ &P 1 bujsv (3.3.7)
S
) o ) p d R ]
= jni+b P 1 24d1 imi bme!l mF W ji i
d _ _
+ é a eWk  glal)
j= d+1
j6m
S
i P—7 d ij o iw;
+b €P 1 2d1 bje’l Foowg o (3.3.8)

1l

Demanding the term in the square brackets to be zero de nes the set of coef cients

bal 1 piz 0 (d)b;el 1w

i
= : : 3.3.9
% eall) W ( )
and the approximative eigenvalue equation is
s
() i i P d i iWm
U jni=e%"jni+b P 1 24d1 imi bme" ™ Wm jwni . (3.3.10)
g d
As before, the additional term is of the order (jmj)/ N andissmallfor N  landjmj

not too close to 4.

Sinceb depends on the g's, equation (3.3.9 represents a set of coupled equations andb

in (3.3.9 cancels as it appears as a factor in both sides of the equation. Thu8(3.9 leads

35



CHAPTER 3: SEARCH ALGORITHM ON THE HYPERCUBE

to a sum rule

. . d d ein
1=2 91 ¢l 1 3 U —
© j:am jii eut) Vi

j6m

(3.3.11)

and b remains so far unde ned by the above equations and can be used as normalisation
parameter if a solution exists. To prove the existence of a solution for the coupled
equations (3.3.9, it remains to show that the sum rule ( 3.3.1) is ful lled. Note that the

sum rule (3.3.17) provides an implicit formula for the phase g (I ).

Let | , be the value of I at the avoided crossing of the eigenphases ofjn; i and jwpi. It
remains to prove that the eigenphases cross, that is, the sum rule is at least approximately

true in a region for | nearl nandfor g(I m) = Wm.

The technique to solve the equations forl nandg(l )atl | pistodemand g(l m) =
wp and solve (3.3.10) for | to obtain | . This can in turn be used to verify that
(I my g(I m)) are indeed the coordinates of the avoided crossing by looking at the spec-

trum. If this is the case, g(l ) near| , can be obtained using (3.3.11).

3.3.1 \Verication forthe m = 0 crossing.

The set of equations (8.3.9 has a valid solution if the sum formula ( 3.3.13 holds. Which
will be analysed in the following. For simplicity, the calculation will be done only for

the main crossing at! = 1,w = 0, see gure 3.4

Note that in the position and coin-space basis ofH both operators, U and the projection
on the marking state jsvihsyj, are real. Thus the symmetry operation | ! 2p |
performs a complex conjugation on U, in this basis. Therefore the spectrum of U,

is symmetric about (I = 1,w = 0). Since there is only one crossing in that region of
the spectrum, it has to be exactly at that point. Note that the crossings of U, in H are
identical to those of U; de ned for H9since the space has been reduced by eigenvectors

of U; with constant eigenphases only.
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It remains to show that equation ( 3.3.11) holds in good approximation at the main

crossing for large N. Let

S(ly=29%¢P 1§ (3.3.12)

A i Mg e
60

and S(I) = 1 needs to be shown.

The sum can be rearranged such that positive and negativg are added up in pairs while

the j = dterm remains, that is

S(ly=291 &P 1

d 1 Wi Wi iw,
[ d 2 el e d 2 e'Wd
. — + : + bf————— 3.
a bf Sa aw T ga) gm e | Pigen awe ¢ G
Using (3.1.7) and (3.1.8, the symmetry of the spectrum of U, eVid = VY which
follows from ( 3.1.5 and eWi ¢ = e Widiiforo < j < d, one obtains
|
d 1 iw; iw; ’
; d e’ e’
s(hy=291 &P 1 3 —+ .
() 21 j aa(l) W aig(l) + W
1 (3.3.14)
gall) + 1 | e
d 1 2iw; '
. d e 2
—o d 1 jlp 2 i
2 e 1 ,-?1 j zezg(l) el (e (3.3.15)
. e2iwj i _ 1
Some trigonometry leads to Za) 2 - scot w; g(l) 5 and
eig(lil)ﬂ =1 ltan %'). Now the sum formula simpli es to
S(l)=2 eP 1 .al J icot wj g(l) 1 1
J:
. I
+ itan £2) (3.3.16)
) do 1 d
=291 &P 1 i3 j cot wj g(I) 29+1
=1
+itan 90 (3.3.17)

2 1

where &L, (?) = 29 has been used.
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Inserting | = 1 andusing g(1) = 0, it can be seen that
|
dol d ’
sm=2912 i j oot w 2041 (3.3.18)

=1

The remaining sum cancels since cotw; has an odd symmetry about j = 5 and
s()=1 249 (3.3.19)

con rms the expectation that the sum rule S(1) = 1 holds in good approximation.

3.3.2 Taylor expansion of g(l ) about 1

To obtain the function g (I ) nearl = 1, a Taylor expansion can be evaluated by calculat-

ing the derivatives of g(l ) atl = 1 iteratively.

The rst derivative, g°(1), results from demanding %h =1 = 0, that is,

o= 950D (3.3.20)
dl |
) d 1 '
=2 d1 dpjg i3 ‘jj cot w; g(l) 2d+1+itang(2|)
i=1
+ P 1 ¢%)
11
d 1 ; .
i & 4 14 cor w g(l) + L 31 0] , (3.3.21)
j:l J 2 2
andatl =1
11l
41 d i
0=291 ip 29+1 2¢°%) i§ j 1+ cot? w; + 5 . (3322)
=1
where the identity éjd:ll(?) cot w; = 0was again useful. Solving this equation for
g°(2) results in
(1) = 2p p (3.3.23)
28 (o2 w;j +2 20 4+1
2 d
= P P . (3.3.24)

. d
2+ 2 d+1ajf’:11(j)cot2 wj 32d
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Note that both, g (1) = Oandlim 4 y g%(1) = b agree with the rough estimateg (1)

(I 1) 5 from equation (3.3.3 if 2 d"lé?:ll ?) cot? w; ! Oasd! ¥.Thisremains
to be shown.
Let
d 1 d 1 2 + 2i2
gqi= 2 13 ‘jj co? w, =2 a1y 44 _Ad+4 (3.3.25)

=1
where the de nition of w;; from e'san(w; = 1 % sgn(j) %‘p jij (d jjj) was used.

For large graphs, that is d 1, the de Moivre-Laplace Theorem states (?)2 d

a 2 2 d°2
5d exp s 3 [57] and
ro___
12 %Md? 4jd+ 4% 2 gy
z 2 B il %) 3.3.26
9 3 pdgl 4id 42 ( )
is obtained.

To simplify this result Poisson's summation formula is used and the sum is approximated

by an integration

r—z 1
d 2 ¥
L% 8 d(x n)

Zpd % n= ¥

d® Axd+ 4x® oz, 92

T 2 (3.3.27)

Jdd

The sum of delta distributions is periodic in x and can be replaced by its Fourier series

which leads to

2 dx g e2pinxd2 4xd + 4X29 2(x g)zl

9d 2pd 1 ey 4xd  4x? (3:3.28)

Note that this step is not rigorous, since the left hand side of the equation is not a

function but a distribution, and convergence of the right hand side has not been shown.

However, it can be used in this case [5§].

The substitution y = %X is employed to obtain

r__
Z5 1 oo +y?
dd % (:) “dy & ep'”yd%e 327, (3.3.29)

alk
=}

1
w«

The approximation above holds for large N only, that is, search algorithms searching

alarge graph. Inthe caseof d 1 allterms n & 0 can be neglected because there are

39



CHAPTER 3: SEARCH ALGORITHM ON THE HYPERCUBE

fast oscillations in the exponent leading to sub dominant terms only. Furthermore, the

symmetry about y = 1 allows a reduction of the integration interval.

r

—Z7Z
d 71l Y gy w2
_ ?Z %d 1 2y+ y2e %(y 1)2
T Vy
r—z
d“1 1 2y+y? diy 12
+  — = 77 e300 D 3.3.31
2 1 y CYRRY e ? , ( )

where the integration interval has been split into two regions.

The rst integration can easily be estimated by providing an upper and lower bound

which equals or approachesOfor d! ¥ . Since the integrand is greater than0 the lower

bound is trivial as the integral has to be greater than 0 as well. An upper bound can be

de ned by replacing y by % in the exponential function,

"TT 1 oy o a1 ey
d72 0L Yy gy r, 47201 Yo
2p 1 2y y? 2p 1 2y y?
r—
_ d_ ¢2 d+din(2d 1) dIn3
= 5es 2 (3.3.32)
q— d
which has a leading term %e gln(2d 1).

4 —R 2 2
For the second integration f(d) := 3 1d zyziyzye 80/ D° an upper and lower
2

bound can be found by appointing bounds for the denominator
r

a‘r 2 o v 1
) %dy 1 2y+y° e 2
P
d 2
< < - — +y2 e 200 D7, 3.
f (d) 3 2p ldyl 2y+y° e (3.3.33)

2

The remaining integration that appears in both bounds yields
r

T2 S B
T dv 1 2v+ V2 Sy p2- 4 € %L Py e b
p 1 yry € 2 2d - T

(3.3.34)

R
where erf(x) = p% Jdte ** is the error function. Since erf(x) 1for x 1, the

leadingtermfor d  1is 2—1d. As both sides of (3.3.33 differ only by a constant, and all
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the remaining terms of ( 3.3.3) decay fasterto O as e §dthe leading order and its error

are

9q = Zid+ O e &d . (3.3.35)

To conclude this section, it has been shown that the sum formula (3.3.1) is ful lled for
m = Oasitistruefor | = 1and g(1) = 0in good approximation and that the rst
derivative ts to the rough approximation ( 3.3.3 taken from the spectrumin gure 3.4

since

d
(1) = P 27 P ford 1. (3.3.36)
2+ L 32d+0 edd 2

3.3.3 The crossing eigenvector

So far only the sum formula for the m = 0 crossing has been discussed. It remains to
show that there also exist solutions for the crossings at m 6 0. Since the discussion in
section 3.6 will show that m = 0is the only important case, a detailed discussion of the
non-relevant crossings will be skipped and for now it will be assumed that the sum

formula holds for all crossings and the set of equations in ( 3.3.9 has a valid solution.

However, for m = 0the results obtained stand on rm ground. For m = 0 there exists a
valid solution for the coef cients & and the eigenvalue equation for U; has been solved

approximately resulting in the approximate eigenvector

ini= & a w (3.3.37)

[
jab}
)
=

qT ijFiw
P g Gpbe

|

O
@_.

o
'—\
N

o

=

=g @9) v Wi . (3.3.38)
j&m

Itis interesting to note that the vector has a coefcient €' 1 and thus, the reasoning

breaks down whenever | approaches an even integer. Hence the solution exists only if
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U is perturbed by the marking coin. This is indeed no surprise as the diagonal lines in

the spectrum disappear when | = 0 or 2 as can be seenin gure 3.4

The yet unknown parameter b gives the normalisation of the vector and can therefore

be de ned by demanding hn jni = 1.

3.3.4 Normalisation of the vector of the localised state

The eigenvectorjn i as de ned in ( 3.3.39 has a so far unknown normalisation constant
b. Sincebwas originally de ned as scalar product of two normalised vectors ( 3.3.5 and

the phase was de ned such that bis real and positive,0 b 1 can be deduced.

To start with, hn j ni = 1 results in the condition
. 2 d b2
=P 17291 3 d —1 (3.3.39)
jbi = a1 J digll)  @w
j&6m

Itis a hard challenge to estimate the sum but it is related to the sum formula discussed
in section 3.3.1 Remember that the sum formula and its derivatives with respectto |

de ne the function g(l ) via a Taylor expansion about the crossing and that the rst

two terms about | = 1 at m = 0 have been calculated in section 3.3.1 The condition
%h =1 = 0 will be used to calculate the demanded sum and 0 = g—ls gives
0 1
d d1 il d d , W
0=— @2 P b 3.3.40
a® ) N || T I (3.3.40)
j6m
d WA
i d el
=29 lipe g O b
e j:alm jij eial) Wi
j6m
. d iw;+ig(l)
2d1 g 10y 8 ¢ P (3.3.41)
j=.6d+1 1 aa(l) eiwj
jém

The rst term can easily be calculated using the sum formula and for the second term it

is suf cient to note that the phase factor in the nominator of the fraction can be moved
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to the denominator

ipelP . _
=g 1 20 1)
éd d b? 1 . (3.3.42)
i= av1 M) dol)  &W o W g ig(l)
j6m

This results in an expression for the demanded sum

; 2
pe? = pd1 éd a5 (3.3.43)
go(l) €élP 1 2 i= a1 M digl) W 2
j&6m

Therefore, the normalisation constant bis ruled by the rst derivative of g(l ) and

. 2 ilp
L Pe , (3.3.44)
jbj go(l) er 1
= %. (3.3.45)

Demanding 0 b 1 now de nes the phase factor of the normalisation constant of

jn i and results in
r
0
b= ()
p

. (3.3.46)

Note that from the rough estimate for g(l)in(3.3.3 b p% can be estimated which

agreeswith0 b 1.

3.3.5 Localisation at the target state.

There are two approximate eigenvectors at the crossing, thatis, jwmi which is used as
start state and the other, the perturber state jn i whose eigenphase crosses diagonal
through the spectrum (gure 3.4) which has ideally a big overlap with the marked
state jsvi of the search algorithm. To analyse if this is indeed the case, it is once more
important to remember that b has been de ned as the scalar product b= hsvjn i in
(3.35.Forl =1andd 1, the rstderivative of g(l ) as calculated in (3.3.36 results

in

1

T
2+ 4

hsvijnij, -4 (3.3.47)
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This is in fact a crucial point as the approach in this thesis is to characterise U, by
concentrating on the avoided crossings in the spectrum and to reduce the problem

to a two dimensional subspace spanned by jwmi and jn i. Sincejwpi is the starting
state of the algorithm, and for m = 0 also the uniform distribution, this result proves
that the target state jsvi has a notable overlap with the other approximate eigenvector.
Only a relatively large b enables this approach to be appropriate since it proves that the
perturber state jsvi has a suf ciently large contribution in the 2 dimensional subspace

in question.

Although the overlap givenin ( 3.3.4% does not seem much, it leads to a probability of

nearly % which is in particular not d-dependent.

This result is notable since the algorithm for the m = 0 crossing starts in the uniform
distribution in position space. Half of the vertices have a distance to ¥ = 0 with even
and half of them a distance with odd Hamming weight. Each application of Uj=1
changes the parity of the Hamming weight; the amplitude at vertices in even distances
are moved to vertices with odd distance and vice versa. To localise more than half of the
probability on the target vertex would mean that there exists atime T such that after T
applications of U, =1 more than half of the probability is localised on vertices with an
even distance, that is the target vertexjvi itself, which is impossible. As a consequence
the search algorithm that starts in the uniform distribution cannot achieve a localisation

probability higher than 3.

However, numerical simulations as shown in gure 3.2suggestthatjn i is localised on
the hypercube somewhere near the target veijtdx To specify this somewhere near the target
vertexanalytical, it is interesting to calculate the scalar producthn; j U j svi which gives

a lower bound to the amplitude localised on the nearest neighbours.

Obviously, the state U jsvi is localised on the d nearest neighbours of the target vertex
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since the state jsvi has been propagated once. An ad hoc argument predicts that the
probability at the nearest neighbours is equal or larger than the probability on the
marked vertex. It is known from numerics (gure 3.2 that the localisation at the target
vertex holds for a few time steps. It can be deduced that the amplitude on the target
vertex will propagate to the nearest neighbours when U, is applied once and some of
the amplitude of the nearest neighbours propagates to the target vertex to replace the
amplitude that was shifted away. To keep the probability nearly constant the amplitude

localised on the nearest neighbours cannot be less thanb.

However, the calculation is straight forward and yields

n jUjsvi=b e 1 2d1

d iji iw;
) d 2 e Vi | +ij
A i B eme WY (3.3.48)
]jSm
d W
=he P &P 1 p0d1gu) 3§ G2 €7 (334
=wy JITeal) e
j&m
=betre (3.3.50)

which provides a more rigorous proof for the ad hoc argument discussed above. In the
last step, the sum formula (3.3.19 and €9(') = eWm have been used. Note thatU jsvi is
only one state out of d? states localised on the nearest neighbours and the probability
that is actually localised on the nearest neighbours is very likely to extend the probability
inU jsvi.

For the main crossing atl = 1the result is remarkable since the amplitude of jn i in the
two orthogonal statesjsvi and U jsvi is, up to a phase, equal tob and since it approaches
pl—é for d! ¥ . The probability P,to measurejn =i either at the marked vertex jvi or

on its nearest neighbours is

d
P= 2= 1 2 (3.3.51)

1+4 32d1+0 e id
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and approaching 1if d! ¥ . Therefore the statejn i can be considered localised on the
marked vertex and its nearest neighbours. A measurement once the search has localised
in jn i gives either the target vertex or one of its nearest neighbours with a probability
close to 1. Note that for the crossings where m 6 0, g°(I) 5 is known from the

numerics only and the result has not been veri ed analytically.

Notably, the contribution on the nearest neighbours is not an arbitrary state but U jsvi.
As a consequence, if the outcome of the measurement is not the target vertex itself, the
coin state at the measured vertex points into the direction of the target vertex as can be
veri ed by the de nition of the shift operator Sin (3.1.3. Therefore the target vertex
can be identi ed and con rmed after the measurement with at most two more oracle
gueries rst on the vertex determined by the measurement and, if this fails to be the

target state, on the neighbouring vertex of this vertex singled out by the coin state.

So far, it has been shown that the two dimensional subspace contains the starting state
and a state localised at the target vertex. To prove that the search algorithm on the
hypercube indeed succeeds to localise at the marked vertex in a timé plﬁ , itremains

to show that there exists an integer T, such that UlT jwmi has a strong overlap with jn i

and to calculate the time T.

3.4 Model of avoided crossings

The analysis in the previous sections identi ed two approximate eigenvectors jwpi and
jn i and their eigenvalues. The two vectors span an approximately invariant subspace
relevant for the avoided crossing of U, . In fact the approximate eigenvalues of these

vectors do not avoid the crossing at | = | .

Since the subspace is identi ed and starting and localised state are contained in this

space the next step is to constructa2 2 model for the search algorithm U, . This can
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be done using a Hamiltonian, that is a hermitian matrix  H that characterises the time

t .
propagation through U|2m2 = e Mt where Planck's constant was chosen ash = 1.

In general, an avoided crossing can be described using a Hamiltonian containing the
two eigenvalues and a small coupling constant e > 0 with an arbitrary phase e 9. Thus
the crossing in the search algorithm for the mth crossing at | , can be analysed using

the model Hamiltonian
0 1

w, eed
H= , (3.4.1)
ee 4wy
where the identity g (I m) = wm, the so far unknown real constants e and d and the

canonical basis is de ned asjli = jwmi,j2i = jn i is used. Sincewn, is real, the matrix

is Hermitian.
Eigenvectors and eigenvalues of H are easily calculated

eigenvoector 1 eigenvalue

Ju1|=pL% § Wn e

e id (3.4.2)
Ju2|=pl—% § Wm+ e

Starting and localised state are calculated in the jusi, jusi basis, that is,

L i .. . .
jwmi = %(Juﬂ + juai) (3.4.3)
. egd
jn i = %(Juﬂ juai) . (3.4.4)
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3.4.1 Time of the search

Since the preliminary calculations are done, the 2 2 model for U;  can be applied t

times to the starting state

t .
U? 2 jstarti = e "™ jwpi (3.4.5)
g o
=e 'Ht%(jull + jusi) (3.4.6)
= pl—é glWm* ety i + Wm &y, (3.4.7)
De ning the time t:= £ leadstoe '® = jand
ot Wmt
Ur < Jstarti = qg?(ljull ijuai) (3.4.8)
= jemt i (3.4.9)

which is the localised state. Thus the time the walk needs to localise at the marked

vertex is inversely proportional to the parameter e in the Hamiltonian.

Since the two eigenvalues of H given in equation ( 3.4.2 differ by 2e, the coupling
constant e is half the distance of the eigenvalues in the spectrum of U;  at the crossing.
According to gure 3.4the search algorithm for m = 0 can be expected to take longest
since it describes the algorithm at the crossing with the smallest gap in the avoided

crossing.

3.4.2 Size of the gap

The size of the gap and the time the search algorithm needs is ruled by the coupling
constant e in the model Hamiltonian. The entries of the model Hamiltonian H can
be determined using the relation U|2m2 = e H_ Let T be the transformation matrix to

diagonalise H, then

T HT = diag( Wwm € Wn+ €) (3.4.10)
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and
UP 2= Tdiag e"m*'e gvm te T 1 (34.11)

forthe 2 2 model of the unitary operator U|2m2 and after a transformation into the

original basis
0 1

eWm cose ieWmeldsin e
Uf 2= % § . (3.4.12)

ieWme idsine  eWmcose
These matrix elements can be calculated more easily. In fact most of the work is done by

using equations (3.3.2, (3.3.10 and (3.3.50Q. Sinceg(l m) = wm, the diagonal entries are

hwmj U, jwni = e"m+ P 1 291 jr:j b2 e/Wm (3.4.13)

hn mj U, in mi = gWm (3.4.14)

and for the off-diagonal terms

S
. p_— o
hwmjU  jn i=beP 1 2d1 j:“. bpye!l m* Wm (3.4.15)
S
i ; i il P d ij mtiw
b, jU , jwni= be'™ 1 24d1 imi bpe ') m*Wm (3.4.16)

are obtained.

By comparing these matrix elements to the ones in (3.4.19 the yet unknown constant e
: o . P04
can be estimated using sine= b €P 1 2 d1 (jr‘]jqj)bm andcose= 1+ O 2 d

resulting from the diagonal and off-diagonal terms respectively.

Thus the constant

s
. p——
e=pédp 1 pa1 9 bm+ O 2 ¢ (3.4.17)
jmj
and the phase factor
. . il mp
¢l = jeif m% (3.4.18)

are obtained. Since 29 is the number of vertices of the d-dimensional hypercube, the

gaps Dy, = 2efor xed mscale like plﬁ whereas the error is of order .
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3.4.3 Analogy to Grover's search algorithm

The search algorithms for the m = Oth crossing on the hypercube discussed above and
the search algorithm on a regular d-dimensional square lattice as discussed in chapter
4 have some analogy to Grover's algorithm. Grover's algorithm has been discussed

in references [5, 23] and introduced in section 2.3.1of this thesis. Like in Grover's
algorithm, the main effect of the search algorithms discussed here take place ina 2-
dimensional subspace spanned by the uniform superposition in position space and a
state localised at the target vertex. Ambainis, Kempe and Rivosh noted that Grover's

algorithm can be viewed as a search algorithm on a fully connected graph [ 25].

The crucial part of Grover's algorithm consists of the two steps ( 2a) and (2b) discussed
in section 2.3.1 The rst step, (2a), is a re ection about the marked state and the second,
(2b), a re ection about the uniform state that acts as starting state. Both operations are
performed alternatingly. The same can be said for the search algorithm on the hypercube
for m= Oatl = 1and the search algorithm on the regular lattice that will be discussed

in chapter 4 since both algorithms can be written as

U= U@ 2jsvihsy). (3.4.19)

Here 1  2jsvihsyj is a re ection about the target state jsvi, so there is a one to one

correspondence to the equivalent step in Grover's algorithm.

The second step of Grover's algorithm is a re ection about the uniform distributed
state. Unlike in Grover's algorithm, the algorithms on graphs have a spatial order of
the vertices since they are arranged on a graph and transition can only take place to
connected vertices. Taking this into account, there is a correspondence ofU to step (2b)
since the matrix U performs a local coin ip that is equivalent to the matrix D as de ned

in (2a) and then shifts the walk to neighbouring vertices.
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3.5 Results for the reduced space

To summarise the results for the reduced space H9 the previous sections are recapitu-

lated.

In section 3.4.1it was shown that

T = integer (t) = integer 2% (3.5.1)

applications of U, _ to the starting state jstarti = jwni are needed. After this time the
walk is localised on the target vertex with probability ~ b? and with at least the same
probability the walk can be found on the nearest neighbours of the target vertex jvi and
b has been estimated for large N asb % see equations (3.3.49 and (3.3.3 1. For

| = 1, amore detailed expression for b can be obtained from (3.3.46 and (3.3.36.

All in all the search needs a time

tm = 2 }f + 0 (1) (3.5.2)

to localise at the target vertex. Thus the result for the leading order scales like P N,
where N = 2%is the number of vertices of the hypercube. This coincides with the scaling
obtained by Shenvi, Kempe and Whaley [50]. Additionally to the scaling of the leading
order term, the coef cient has also been obtained here and it can be seen that the walk

succeeds faster the higherm.

Figure 3.5 shows numerical results for the time the search needs as a function of the
number of dimensions dfor m= 0, 1, 2and 3 drawn as circles, squares and triangles,

respectively.

0=

1strictly speaking, b % has not been shown to hold for general m & 0 since the estimate for the slope
of g(I ) was obtained as observation from numerical calculations of the spectrum of U, for some d. Only for
the central crossing at | o = 1, the leading order contributions for d 1 has been calculated and the thus

obtained results agrees with the rough estimate taking from gure 3.4
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Figure 3.5: Comparison of numerical and theoretical results for the time of the search.
The symbols correspond to numerical results while the lines show the
theoretical results. The continuous line was determined using the rough
estimate (3.3.3 for the values | ,, where the avoided crossings occur. The

dashed lines use values for| , obtained numerically from the spectrum.

The straight and dashed lines show different approximations of the theoretical results
in equation ( 3.5.2. Since the evaluations of b and | , are hard, the approximations

discussed in section3.3for d 1 have been used.

q_
Both approximations for the theoretical results make use of b % whereas | ,, was
estimated differently. The rough estimate
- p
Wm=g(m (m 13 (3.5.3)

was used for the evaluation of the time shown as continuous line. For the approximation
shown as dashed lines, the | y-values resulting from numerical calculations of the
spectra have been employed; that is, thd -values used where obtained by searching for
the minimal distance between the eigenphases in the gaps of the avoided crossings in

the spectrum.

Only for the m = 0 crossing no approximation was used as | o = 1 is known exactly.
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For large d both analytical results are in good agreement with the numerics. Since the
approximations used to generate the analytical results in ( 3.5.2 hold only for d 1,
it can be expected to nd larger differences for smaller d which is meet by the results
shown in the gure. Furthermore, the dashed line can be expected to show a better
approximation to the numerical results, since the rough estimate for g (I ) has been used
only once while | 1, originates directly from the spectrum. Again, the gure follows the

expectation.

In order to understand why the differences between the expected times from the an-
alytical calculation and the measured time from numerical experiments show better
agreement for smaller jmj, the spectrum has to be considered. Figure 3.4 shows the
spectrum of a 20dimensional hypercube and it can be seen that, coming froml = 1, the
diagonal line disappears somewhere atl = 1  0.6and the crossings become more and
more inaccurate at higher jmj values. The3rd crossing already hasl 3 > 1.5and is close

to the region where the diagonal eigenphase disappears and the analysis breaks down.

For smaller dimensions, the difference between the horizontal lines is larger since the
density of eigenphases decreases for there are onl2d eigenvectors in the reduced space.
A consequence is that this leads to the crossings being further away from | = 1and an
earlier breakdown of the analysis. The only crossing that is not affected by this is the
crossing form = Oatl o = 1, w = 0for which the gure agrees very well even for small

d.

Figures 3.6 and 3.7 show how the probability to measure Ult jwmi at the target vertex
jvi changes as a function of t for different m and a xed number of dimensions, that
is d = 25. As expected, the localisation occurs faster the higher m. The algorithm for
m = 2 nds the marked vertex in 1/ 5th of the time needed for m = 0 but there is a price
to pay since the walk has a slightly lower probability at its maximum. Regarding the

algorithms for higher and higher min gure 3.7, an optimal search algorithm can be
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Figure 3.6: The probability to measure the state at the marked vertex in  d = 25 di-

mensions for the central crossing and the rst two crossings for higher

m.

identi ed before the loss due to amplitude drop is bigger than the gain of a faster search:
The maximum of the algorithm using m = 4 does not extend the curve for m = 3, so

there is nothing gained and only the loss due to lower amplitude.

Numerical observations lead to the conclusion that the quantum search algorithm fails to
localise at the marked vertex for higher jmj as soon as the gap is of the same magnitude

as the distance between two neighbouring eigenvalues next to the crossing.

3.6 Results for the original space H

Unfortunately, the fast algorithms for m & 0 can not be used in the original space H.
To understand why, one has to regard the construction of the reduced Hilbert space.
The introduction of the marked vertex at ¥ = 0 broke the symmetry of the system and

reduced the degeneracy of the eigenvalues. For the then following reduction of the

54



CHAPTER 3: SEARCH ALGORITHM ON THE HYPERCUBE

Figure 3.7: Detail of gure 3.6with more crossings for higher m. To concentrate on the

relevant maxima, each curve has been cut off after its rst maximum.

space all eigenvectors corresponding to eigenvalues that do not change in | where
dropped. The remaining eigenvectors are given in equation ( 3.2.9. The jwpi are linear
combinations of eigenvectors in the corresponding €'¥m-eigenspace but there is a phase
factor that depends on the position of the target vertexv, see 8.2.5. Therefore the linear
combination is not known for unknown  ¥. Since the thus de ned eigenvector acts as
starting vector for the search at the mth crossing, the demanded starting state is not

de ned for unknown ¥. In fact, a search algorithm can be employed to identify the right

; d
Ztate in the (jmj

(jr?qj), as it is not possible to construct a faster search [ 23, 24]. To construct such an

) dimensional eigenspace. This can only be done in a time of the order

algorithm, the previously discussed search algorithm can be used as oracle to determine

whether a state leads to a successful search or not. However, this search algorithm
q__

succeeds not faster than inW (jgj) time steps and takes away the speed up gained

by choosing m & 0.

This negative result justi es the sloppy analysis for the search algorithms for m & 0. The
only search algorithm that can be used for arbitrary # is the one starting in the uniform

distribution jwgi for which a careful analysis was presented in this chapter.
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To summarise it has been shown in this chapter that the search starting in the uniform

distributions leads to a localisation after T time steps, where T = integer (t) and

d 1
t= 2P +0 (1) (3.6.1)
belor 1 (Hbo
v "
PRpt 2+ %4 329+0 e &d
= + . .0.
2 1 5 0O (1) (3.6.2)
After T time steps it has a probability
d

P, = 1.2 (3.6.3)

1 d
2+ 54 329+0 e sd
to be measured at the target vertex and with probability

1 24d

1+4 32d1+0 e id

Prn = (3.6.4)

the walk is found either at the target vertex or at one of its nearest neighbours.

In the case of larged the probabilities reach their maximum and the search algorithm can
be optimised if the outcome of the measurement is veri ed using the oracle once more
and check, if the resulting vertex is indeed marked. The search state will be measured at
the target vertex with a probability close to % and the answer is 'yes'. If the outcome

is negative, the target vertex can be found after one additional oracle call as described
in section 3.3.5and without repeating the search. Therefore at most 2 additional oracle
calls are needed if the search is stopped and the target vertex will be obtained with a

probability close to 1.

Recent result on the hypercube search

Potocek et al. have developed an algorithm for the search on the d-dimensional hy-
percube that demonstrates a speed-up of p% compared to the Shenvi Kempe Whaley

algorithm discussed here by adding an auxiliary dimension to the coin space [ 2§].
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From equation (3.6.2, it follows that the search algorithm introduced by Potocek et al.

localises at the marked vertex in

\'A

u
t_pﬁpk‘ 1+ L 32d1+0 e 8d r o 069
T4 1 2d e

time steps.
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CHAPTER 4

Search algorithm on a

d-dimensional square lattice

The second model for a search algorithm to be discussed in this thesis, is a search on a
d-dimensional square lattice previously discussed by Ambainis, Kempe and Rivosh in

[25].

In their paper, Ambainis, Kempe and Rivosh analyse two search algorithms and estimate
the order of search time. In this chapter, the more ef cient of the two is analysed using

the technique of avoided crossings introduced in chapter 3 of this thesis. Like the search
algorithm on the hypercube, the lattice search can be regarded as a perturbed quantum

random walk where the target vertices are singled out by a marking coin ip.

In this chapter, the method introduced in chapter 3 is applied to the different system
and the search time and localisation probability of this search are calculated. That is
like before, a family of unitary operators with parameter | is de ned and an avoided
crossing is found in the spectrum atl = 1asshownin gure 4.2 Again two approximate

eigenvectors near the crossing are being calculated (eqgs (4.2.7) and (4.2.18 give their
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approximate eigenvalue equations).

However, the approximate eigenvectors lead to a construction of a two dimensional,
nearly invariant subspace and again it is shown that this subspace contains starting

state and a state localised at the target vertex.

Most of the work in this chapter is spend on the estimate of the normalisation constant
b of the approximate eigenvector jn i nally obtained in equation ( 4.3.42, which turns
out to be crucial for the analysis of the search time @.4.19 and amplitude of the localised
state at the target vertex (4.3.43. As in the previous chapter, the analytical results are
compared to some results obtained by numerical simulations, gure 4.4and are found

in good agreement.

4.1 De nition and model

Let the graph be a d-dimensional lattice with n equally partitioned vertices in each
dimension, making overall N = n9 vertices, and periodic boundary conditions. The
positions of the vertices in the lattice are de ned by the set of vectors jxi = % =

(X1, X2, ...,Xq), where the coordinates x; 2 f0,1,...n 1gare integers.

Each vertex has bonds to its 2d nearest neighbours, two in each direction, and two
vertices at positions % and ¥ are connected, if and only if, X; y; = Ofor all but one i

and the absolute value of the difference in the remaining dimension is either 1orn 1.

The quantum walk that will serve as foundation for the search algorithm is basically the

same as discussed in section3.1.1but adapted to the different graph.
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4.1.1 Quantum random walk

The local coin ip s is de ned as in ( 3.1.]) for the hypercube, that is,
s = 2jsihg] 1. (4.1.1)

As before jsi is de ned as the uniform distribution in coin space. Using the vectors ji i
as coin space basis vectors pointing to the nearest neighbours located in positive and
negative i-direction and i = 1,...,dlabels the dimensions, the uniform distribution is
denedas jsi = p% éidzl (ji*i + ji i). The global coin ip is again de ned as the local

coin ip applied at all vertices using the tensor product and the identity operator in

position space

C=s 1y. (4.1.2)
Using the unit vector in i* -direction jgi and ji xi = ji i jxi, the moving shift Sis
de ned according to
d
4 i*x g i x+ix+teg itx . (4.1.3)

wn
1
x Qo

At rst glance, Slooks counter intuitive as it performs permutations in coin space as
well as in position space, but in fact it is a very natural de nition for a moving shift as
a walker leaving vertex  in direction i*, enters vertex x + g from direction i . This

obviously justi es the permutation in coin space.

As discussed in section2.2, the dimension of the Hilbert space H of the quantum random
walk is the number of vertices times the number of bonds at each vertex. Hence, the

d-dimensional lattice has dim H = 2dnd.

The quantum random walk itself is de ned according to

U= SC, (4.1.4)
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where the rst operator applied to the quantum walker is the coin ip C and then the

walker is moved to the neighbouring vertices by the shift operator S.

4.1.2 Eigenvectors and eigenvalues of U

Ambainis, Kempe and Rivosh analysed the eigenvalues and eigenvectors of the quantum
walk de ned in the previous section and in [ 25]. Some of the properties of eigenvectors
and eigenvalues are important for the following analysis, these properties are outlined

in this section. A more detailed discussion can be found in appendix C.

Using the tensor product, the eigenvectors can be divided into a vector in coin spacgui

and a position space vector jXi according to

fo =jui X, (4.1.5)
where K is a vector with entries k; 2 f0,1,...,n 1g. Using the tensor product once
more, the vector in position space can be factorised into contributions for each dimension,

N . . .
Xy = d, Ck, »Where the vectors cy, are obtained from the canonical basis vectors

of position space using a Fourier transformation

1 nol i
Ck =P=a whil jji where w = e ", (4.1.6)
=0

The thus obtained basis provides a convenient way to denote the eigenvectors. Although
the set of eigenvectors, especially for arbitrary d, is hard to calculate some properties
can be veri ed. Appendix C.1analyses the complete set of eigenvalues and discusses

important properties of the eigenvectors that are outlined below in more detail.

Only some of the eigenvectors are important for the scope of this thesis which are
the ones having a coin space component not orthogonal to jsi. These vectors are the
l-eigenvectorjf oi = jsi Xy whichis the uniform distribution and two eigenvectors

E E ,
f = u X, foreachk 6 0 with complex conjugated eigenvalues e '%, where

2pk;
e
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These2N 1eigenvectors are the ones that are important for the later analysis. Although
D E

these eigenvectors are hard to calculate, it is shown in appendix C.2that sj u =

pl—é. The remaining eigenvectors are (d 1) N + 1 eigenvectors with eigenvalue 1 and

(d 1) N eigenvectors with eigenvalue 1.

4.2 The quantum search algorithm

Following the model of the abstract search algorithm in section 2.3.2and Ambainis,
Kempe and Rivosh [ 25], a target vertex jvi is introduced and the coin ip of the target

vertex is changed to s°= 1,4 leading to a perturbed coin ip

c’=c s s® jvihy. (4.2.1)

The effect of this perturbation is analogue to the perturbation discussed for the hyper-

cube in equations (3.1.9- 3.1.12 and the resulting search algorithm is characterised

by

U%= U 2Ujsvihsyj. (4.2.2)

Figure 4.1shows the localisation of the probability at the target vertex for four different
times, T = 0, 19, 38nd 57. That is, the resulting states after the application of(U()T on

the uniformly distributed state jf gi on a logarithmic scale.

The mechanism behind the Ambainis Kempe Rivosh search algorithm can be analysed
following the treatment developed for the hypercube in chapter 3. In analogy to the
de nition ( 3.2.1) a unitary one parameter operator U, is de ned for the d-dimensional

lattice:

U =U+ €P' 1 Ujsvihsy. (4.2.3)
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Figure 4.1: Probability distribution of the quantum walk ona 31 31-lattice for several

times T (on a logarithmic scale).

4.2.1 Reduced space

A reduced space H%can be de ned to keep the system as simple as possible. This is

done by dropping all  1-eigenvectors of U expect jf oi and the ones represented by
E

f1-< which occur for even n. These vectors can be dropped since they are orthogonal
to jsvi and neither eigenvalue nor eigenvector change by a variation of | . Having done
so, a reduced subspace for the problem can be de ned. This subspace isthe 2N 1

E
dimensional Hilbert space H%spanned by jf oi and fk fork & 0.

This reduction is by far not as complete as the reduction for the search on the hypercube

in section 3.2.1 For the hypercube the reduction removed all degeneracies from the

E
spectrum while in this case some degeneracies remain. For example the vectors fk

for kK, = (1,0,0,..)and k> = (0,1,0,..) give rise to the same eigenvalues e G,

D E D E
The scalar product f1-< j sv can be calculated using sj u = p% (appendix C.2)
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Figure 4.2: The eigenphases as functions ofl forn= 11,d= 2.

and thus jsvi can be expanded in terms of eigenvectors in the reduced space, that is

jsvi = 1phojsvi
. - . . o ED ED . .
= jfoihfgjsvi+ g f; f;_(’ +f f Jsu
*60
1 1 . ,E E
= p—=jfoi+p=—aw fr o+ f
%J 0 2'\'2@ % %

(4.2.4)

(4.2.5)

(4.2.6)

Sincejsvi is orthogonal to all eigenvectors of U not contained in H %this expansion also

holds for the non-reduced space.

4.2.2 Approximative eigenvectors of U

The technique to calculate the search time T introduced in chapter 3 for the hypercube

search can also be used in order to estimate the search time T for the lattice search
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algorithm.

The spectrum of U, fora 11 11-lattice in the reduced space His plotted in gure 4.2
Again, the perturbation leads to an avoided crossing in the spectrum. Other than for the
m 6 0O-crossings in the spectrum of the hypercube search, the coordinates of the crossing
(I = 1,w = 0) are well known which simpli es the discussion. Following the reasoning

in section 3.4the search time can be estimated using a2 2 model Hamiltonian H that
is constructed using the subspace spanned by the two approximate eigenvectors of U,

with eigenvalues that participate in the crossing.

Thus, the approximate eigenvectors have to be found. The rst guess for one approxi-
mative eigenvector is the uniform distribution  jf oi and indeed, up to an error term of

O N Y2 this vector is an eigenvector with eigenvalue 1 since
e iip 1
U jfol = jfoi + € 1 Ujswv pﬁ (4.2.7)

=jfgi+O N 12 | (4.2.8)

Since the actions of the unitary operator U and the projection jsvihsyj on the set of
eigenvectors of U in the reduced space is well known, the eigenvector corresponding
to the line that crosses diagonal through the point (I = 1,w = 0) in gure 4.2can be
calculated using an expansion in the eigenvectors of U, that is,
E E
+

. . . - o +
jni = ajfoil + Q a fk + a fT( (4.2.9)
60

with a yet unknown set of coef cients ay and a and

2 2

jaol’+ & & +a =1 (4.2.10)
%60
is demanded such that jn i is normalised.
The condition U; jnyi €9 jn i, thatis, the approximate eigenvalue equation with an

unknown eigenvalue e '9() gives a linear system of equations for the 2N 1 unknown
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coef cients. Since both, jn i and jf gi, are approximate eigenvectors of U; the two

vectors can be assumed to be orthogonal. Demanding jn i ? jfoi is equivalent to
a = 0.

A straight forward application of U, onjn i resultsin

_ E . E .
Ujni=3 aed%f’ +ae'f + Pl
60 i3 *® k *®
0 1
1 1 _ E _ E
@p—ijfoi+ p=— g w ¥ €% fr +e'%f Ahsvjni. (4.2.11)
N ®60
For simplicity, a constant
b:= hsvjni (4.2.12)

is de ned. The overall phase factor of jn i can be de ned suchthat b 0. Now the
right hand side of the approximate eigenvalue equation, thatis €9!) jn i, is added and

subtracted to obtain

, b &P 1
Uy jni =90 jny i + —pﬁ—jfoi
|
, : b el 1w Rd% E
2 + | ig(l) D +
+a a €% € + P fe
*60 | |
i - befl 1w W®e & E
I ig(l) fa)
+ g e % ¢ + Pos fo - (4.2.13)

Demanding the sum to be zero de nes the coef cients

(4.2.14)

b el 1w ®e %
PSN dol) e i%

%{:

. . . b(eP! 1) .. .
and gives the error term of the eigenvalue equation asﬁpﬁ—) jf oi . Therefore the error

termis O p% anddueto b 1 it can be considered small.

Using the set of coef cients a from (4.2.14 the constant b appears on both sides of

b= hsvj n i. Hence the system of equations has a solution, if and only if

b= hsvjni (4.2.15)
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is at least approximatively ful lled at the crossing. Using equations ( 4.2.6 and (4.2.19,

the condition can be denoted as

1 % e i%
1= —— — + - . 4.2.16
2N 12@ o) d%  g9l) e % ( )

The crossing occurs at| = 1and €91 = 1 for which the sum formula ( 4.2.16 can be

calculated explicitly, that is,

1

2 _ _ 1
sma(n=g(N n=1 = (4.2.17)

1=
2N

o
a
®60
Therefore no exact solution exists. This is not surprising as jn i is not an exact eigen-
vector. Since the error term ﬁ is small and decaysto OasN ! ¥, equation (4.2.17

holds in good approximation and it is veri ed that the set of coef cients from equation

(4.2.19 de ne an approximate solution of the set of coupled equations given in ( 4.2.19.

Therefore, the vector de ned as

b erl 1
jni=—p——38aw®

2N 10 |
el% E e % E
-+ ——f , 4.2.18
gall) d% « gdll) e l% X ( )
ful Is the approximate eigenvalue equation
o iady. . bePto1
U jni = €9 jnyi + —pﬁijfm (4.2.19)
— &g in i 1
=€ jmi+ O pﬁ (4.2.20)

and can be considered an approximate eigenvector ofU; with eigenvalue €9(), where

eig(l) = 1.

The only unknown in jn i is the constantb as it dropped out of the equations. Since the
vector jn i is demanded to be normalised b actually turns out to be the normalisation

constant.
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4.3 Normalisation of the approximated crossing eigenvec-

tor

The normalisation jbj of the approximate eigenvector of jv, i is important for estimating
the search time because the normalisation of the vectors is crucial for evaluating the

matrix elements of the 2 2 model for U, .

To determine the normalisation requires a lengthy and technical calculation. First the
expression for the normalisation will be expanded in a sum and then the rst terms
will be approached one by one. The result, up to leading order, for d= 2and 3and an
estimate of the scaling for d 4 is nally presented in equation ( 4.3.42. In principle,
the leading order term for the normalisation constants for d 4 can be obtained using

numerical integration methods as inthe d = 3 case.

Demanding normalisation of jv, i and regarding | = 1 and ¢91) = 1 only, results in
1 4 , 2
R .2 = m a 72 (4.3.1)
by xeo 1 &%
2 , 1
=N a 1 cosa cosq, (4.3.2)
*60
_ 2 a = (4.3.3)

o d 2p ki’

N teod &z cos ™
where the sum over all vectors Kk in a d-dimensional cube has to be calculated for
ki 2 f0,1,...,n 1g,k 6 O. This can be rearranged to a summation over lower

dimensional objects where only a limited number of entries of K are not 0.

That is, all one dimensional edges, two dimensional faces3-dimensional cubes etc. with
ki varying from 1ton 1. The edges are obtained by choosingl 1 entries ofk equal O,
while the remaining entry varies from 1ton 1, the faces haved 2 entries ofkequal O

andtwoin [1,n 1] and higher dimensions correspondingly. This new arrangement
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results in
1 2d o 1
—==24 - 5% (4.3.4)
jbi® Nogod &QLjcos
2d n 1 1
"N @ T oo
number ofedges11:l 1 a{lZ=1COS n
contribution of one edge
.« d N1 1
s g 2 2pj
Gy =12 az|:1C05T'
number of faces o { }
contribution of one face
+ .. (4.3.5)
2dd d NGt 1
=N a i a ~ o (4.3.6)
i=1 jnizei=11 @121 C0S=g
2dd d ni
==3 7 - (4.3.7)
Niyp 1P
h H h | | a— P io n 1 H 2 i ijl 1 d d
where In the last step [; := n ajly---JFl I aj=,1C0s—; was de ned.

To obtain the normalisation constant jbj for the approximate eigenvector of the search

on the d-dimensional lattice, all sums from 1, to I4 have to be calculated.

The identity 1 cosx = 2sin? % can be used to simplify these sums. One obtains

1
PJi
n

1 i n 1 i )
> % a § sin? ==

jo-di=l 1=1

I, = (4.3.8)

In section 3.3.2Poisson’'s summation formula was used to approximate a sum by an
integral. The same can be done for thel;'s. First each sum is replaced by an integration

and a sum over delta functions is added such that the integrand contributes only at the

old j's
Z 1 ¥
l p [ n 2 o
li=z = dxg; a d(xz my)...
I 2 n % mp= ¥
1
Z,1 ¥ i DX ol
dx, & d(x; m) & sin?™ 2 . (4.3.9)
% mi= ¥ =1 n
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In a second step, the sums of delta functions can again be replaced by their Fourier

seriesdf- yd X m =& y e®™%. This results in
Zn 1 ¥
i :} B | ln 2Xm é eZpimlxl...
2 n 2 mp= ¥
I
Zn 3 g - | x
. dx g ePm 3§ sin2 PX1 (4.3.10)
2 mi= ¥ =1 n
1% a Zp .
=5 P Yi... P Yi
¥ ¥ o g2in(myi+  +my;)
a a (4.3.11)

¥ m= ¥ a :: 1 sin? Y
where the last equality is due to a reordering of terms and the substitution y; = Bx; for

all integrals.

Using the same arguments as before (section 3.3.2), the contributions are neglected if
one of the mj's is not zero, since the exponential function leads to rapid oscillations if

n 1. Hence only the m; = O terms are taken into accountand forn 1

Z D Z D
1 P on P on 1
I' ey dyl P dy 07 (4312)
L2 b Ajogsin?y,
In the remainder of this chapter equality will be assumed.
Using the symmetry of the sine squared, the integration simpli es to
2y 2y 1
=21 “dy;... “dyj——— (4.3.13)
| 5 5 alogsin?y,
and the integrations can nally be calculated.
4.3.1 Firstintegration I
The rstintegration is quickly done and one obtains
Zp
I, = 2dy =] coty]% = cotﬂ (4.3.14)
! 2 7sin?y y= 5 2n’ =
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4.3.2 Second integration I,

The second integration

‘g 23 1
o= 2 dx dy———-— 4.3.15
2 2 2 YsinZx + sin’y ( )

is by far more dif cult. It is important to note that the integrand is symmetric with

respect to exchangedx and y and therefore

2 2 1
I, =4 dx dy———-—. 4.3.16
2 « VsinZx+ sin’y ( )

Now the y integration can be solved by observing that

P
d arctan Z% 2tan?x + 1 1
— A = — ——. (4.3.17)
dx sinx sin?x+ 1 sin“x+ sin“y
Thus
2 p ]
Zyg arctan :g% 2tan?x+ 1 °
l,=4 ~dx4 [ (4.3.18)
5 sinx sin?x+ 1
y=x
P
Zy 5 arctan  2tan’x+ 1
5 sinx sin?x+ 1
Rp .
The ansatzl, = 4 %2 dxfgand the functions
n
p p—
f= 5 arctan 2tan?x + 1 (4.3.20)
and
P
g= In 2+ cot?x+ cotx (4.3.21)
are used to integrate by parts
r r
I, =41In 2+ col P v cot?> P oarctan 2t 2+ 1
2 2n n 2 2n
P
Zg In 2+ cot?x+ cotx
4 %dx pP— . (4.3.22)

P
£ 2+ cot?x
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This is simpli ed using the substitution z = tanx and

r r
p p p p
I, =4In 2+ cot? — + cot— = arctan 2tan?—+1
2 2n n 2 2n
Zy z In 1+p222+1 Inz
4 dz pP——
tan £ 222+ 1(1+ 23)

This last integration can nally be expanded 1 to
4 p 1
lo=plhn+ph— 2K ZIn2+0 — ,
2=plnn+pln 5 > n 2

where K 0.916 is Catalan's constant.

Normalisationfor d= 2

(4.3.23)

(4.3.24)

The formula for the normalisation is given in ( 4.3.7) and the result for the d = 2

dimensional lattice is

1_4ag 2 0
2 N iop
4 n N
:N 25'1"'?'2
=£cot£+ﬂlnn+—ln— 8K gIn2
pn 2n p p2
1
+ O 2
:EInN+L2+ﬂI 4 8—}2 EIn2+O 1
p p pp P p N

4.3.3 Third integration I3

For the third integration only the limit n! ¥ will be evaluated. Starting with

Z Z

g 25 Zyg 1

I3= 4 dx dy dz_2 — —
2 2 £ sin“x+ sin“y+ sin“z

1The expansion was calculated by MATHEMATICA .
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a substitution x°= tan x in all three variables leads to

I3=4 dx dy dz
tan £ tan B tan B
1 (4.3.30)
21+ y?) (1Y) + (T+ )2 (1+ 2) + (14 39 (1+ y9) 2 -
which converges to?
lim 13=15.672.... (4.3.31)
Thus I3 = 15.672 + f(n) wherelimp ¥ f(n) = 0.
Normalisation for d= 3
The result for the normalisation of the d = 3 dimensional lattice is computed as
1 _6¢ 3 ni
— = — .= | (4.3.32)
2 NZ i
6 n 3 In N
= — — + — 3.
N b I3+ O - (4.3.33)
6 In N
J3lat O (4.3.34)
=Q(D (4.3.35)

4.3.4 Higher integrations and normalisations for d> 3

Although some results used for this section will not be proven until section 4.4, the
calculation shall be presented here because it completes the results of the previous

sections by providing an estimate for bfor dimensions d 4.

Since the integrations get more and more dif cult, this section aims at proving that T
P . . . .
scales like N for d > 3. It will be shown in section 4.4, equation (4.4.1), that the search

p_—
time for arbitrary dis givenby T = %bN. This later result and the lower bound for

2This result was obtained using M APLE.
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thescaling T = W P N proven by Grover and Bennett et. al.[23, 24], lead to a lower
bound for the scaling of # for any d. One obtains ﬁ = W(1). It remains to show
that this bound is tight for d > 3 by proving the existence of an upper bound that is

independent of N and leads to ﬁ = 0(2).

This can be shown by induction.

By (4.3.3 itis evident that —= = O (1) holds for d = 3.

jbj

Assuming that ﬁ = O (1) holds forsome d 3, it follows by

d nd
— =2 ) -
2 al | pl

d
— 3 I (4.3.36)
jbj i '

(equation (4.3.7) that I3 = O (1).

It remains to show that ﬁ = O (1) also holds for d+ 1.

The starting point is again provided by equation ( 4.3.7) but this time for for d+ 1,

that is,
|
d id1 '
g d+1 n 1
— =2(d+1 . — | + I . (4.3.37)
ijz ( ) ig.l i pi i pd+1 d+1
The sum of the rst dterms adds to a leading order of % since l; = O (1) for
3 i dandthe lower orderterms I, = Q(In N) and I; = Q (n) have prefactors

n! dand n 9 respectively. Therefore these contributions vanish for n! ¥ .

It remains to show that 1441 = O (1) and this can be done using equation (4.3.13,

that is,
Zo Zo
2 2 1
lger= 29 “dyr... " dygeq : : . (4.3.38)
" 5 5 " AL, sin?y + sinyg.e

As the sines are greater than zero, an upper bound is obtained by dropping the

last one. Now the yq; 1 integration can be performed

P p Zy Zy 1
gy 29 & = dy;... =~ dygog——s— (4.3.39)
" 2 Z2n  p 2 ad, sin?y,
_ p
=P ol (4.3.40)
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and this results in Ig+1 = O(1). Thus, the normalisation constant is of the

demanded order ﬁ = 0 ().

Lower and upper bound together prove that the scaling of bfor d 3 dimensions is

characterised by

1 —
i Q(1 (4.3.41)

and the scaling of the number of time stepsis T = Q N

Thus, the overall result for the normalisation constant is

8
§g|nN+;g+gmg % 21240 § ford=2

1

b2:§F?3I3+O B ford= 3 (4.3.42)
TQ(( ford 4

where K 0.916is Catalans constant and I3 has a leading order of I3 15.672(4.3.3)).
It is important to note that the result for d 4 relies on equation (4.4.17) which was
used to calculate the bounds for d 4. Therefore the scaling ford 4 remains unclear

until it has been shown that equation ( 4.4.11 holds.

Since it has been shown that for i 3, the leading order of I; inthelimit n! ¥ does
not depend on n. Thus it can be calculated from equation @.3.13 by replacing £- with 0

and using numerical integration methods.

4.3.5 Success probability

Since the model introduced in section 3.4 leads to a localisation on jn i, the scalar
productin ( 4.2.12 is crucial to estimate how much probability will be localised at the
target vertex jvi. b= hsvj n =1i does give a lower bound only as there is no need for
the vector jny i to have a coin space contribution parallel tojsi. Therefore the probability

to measurejn i at the target vertex jvi is greater or equal b?.
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Figure 4.3: Numerical results for the maximal probability at the target vertex as a
function of N for d = 2,3and 4. The tted curve is a one-parameter t with

a constant times the scaling given in equation (4.3.43.

From equation (4.3.42), it is known

8
K ] =Q pi- ford=2
%'”’\H%’fémg % 2in2+0( ) InN
b= ——e Y} ford= 3, (4.3.43)
§ F%I3+O 18%
- QD) ford 4

The localisation at the target vertex is not N-dependent for d 3, butinthe d = 2
case the amplitude of jn; i on jvi may decrease like plijN However, the state jn = 4i is
localised on the marked vertex for d = 2 since the average amplitude of an eigenstate of
the random walk U deceases Iikeplﬁ. Amplitude ampli cation methods can be used

to increase the success probability to a constant inN by repeating the search algorithm

O PN times [59).

Numerical results of how the probability to nd the walk at the target vertex scales as a

function of N are shown in gure 4.3 It can be expected thatb gives a lower bound for
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the scaling only as it measures the amplitude in the coin space statesi at jvi. However,

the estimates represent the behaviour of the localisation on the target vertex very well.
The shape of the localised statejn =1i ona 31 31 lattice can be seenin gure 4.1

Like for the hypercube, section 3.3.5 the probability in jsvi is of the same order as the

probability in U jsvi as

. 2 g 1 1
Mo jUjsi= 4 . 4.3.44
=BTSN8 e % e 10D e % (4:3.49)
k60
- b1 = (4.3.45)
- N . .

To obtain the last equality €9Y) = 1 has been used. Due to the de nition of the shift
operator S (4.1.3, the stateU jsvi is localised on the vertex adjacent to the target vertex

and the state in the coin space points into the direction of the target vertex.

4.4 Model in the two-level subspace.

In the neighbourhood of the crossing, the dynamics of the search algorithm can be
described in terms of the two-level subspace spanned by the orthogonal vectors jF i

and jn; i which are identi ed with the standard basis vectors jli and j2i respectively.

Letthe 2 2 Hamiltonian H of the search be de ned as
1

0
H:% " eeid;%, (4.4.2)

ee d w
where w is the phase of the eigenvalue at the crossing, that is, an integer multiple of
2p since€" = 1and the entry ee %is de ned such that e,d 2 R. eis a small constant

enabling the coupling of the two states. Following the calculation in section 3.4 this
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ansatz leads tothe 2 2 model of U,
0 1

cose ieldsin e
Uz 2= % § (4.4.2)

ie dsine cose

where the matrix elements can be calculated explicitly.

The eigenvalues and eigenvectors of H are discussed in section 3.4 and it has been
shown that the walk localises on the perturber state jny i inatime t = 5 by applying

t
U2 2 tothe starting state, that is, the uniform distribution
t .
U2 2 jstarti = ie Yjnyi (4.4.3)
as shown in section 3.4.1

Sincet = £ does not necessarily need to be integer, the number of time steps necessary

for localisation is denoted by T and de ned as the integer closest to t.

The calculation of matrix elements for | = 1uses equations @.2.7), (4.2.19 and (4.2.6),

and results in

hfojUpjfoi =1 % (4.4.4)
I’nlj Ulj nli =1 (4.4.5)
for the diagonal elements and
. . 2b

hojUijmi= % (4.4.6)

S 2 S
hﬂljuljfolzpﬁl’nljUjSVI (4.4.7)

2b 1

=P S (4.4.8)

for the off-diagonal entries, where ( 4.3.45 has been used for the last equality.

Comparing the results for the matrix elements to those of equation (4.4.2, the constants

gd=j and e:pzi+0

< % (4.4.9)
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Figure 4.4: The localisation time t after which the walk is localised at the marked vertex

for several N. Numerical result compared to analytical for d = 2,3 and 4.

are obtained and the Hamiltonian results in

H=%W °c (4.4.10)

+0(1). (4.4.11)

1

Note that this equation nally veri es the results for inthe cased 4 as stated in

Y

(4.3.42.

Overall, the number of time steps T speci ed by the analysis is the integer closestto t

where
8 r
p 4
%Rgmw+ﬁﬁ+“%xm+ou)mm:2
t= %

q

N
Ny 0(1) for d= 3 (4.4.12)
p

T »

p
Q N ford 4.
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Figure 4.5: The time evolution of the probability on the marked vertex for three graphs

containing 729 vertices in d = 2,3 and 6 organised as 2%, 9° and 36.

Figure 4.4 compares the analytical results for the localisation time to times obtained
from numerical simulations. The theoretical results agree very well with the numerical
outcome. The general behaviour suggested by this gure is that the walk for a xed
number of vertices is faster the higher the dimension. In fact, it is advisable to add some

vertices and to reorganise the underlying database such that the search can take place in

a higher dimension.

For example the gure shows clearly that the search on a 10° graph is faster than the
search on a 30? graph although 100 vertices have been added. In addition to that
equation (4.3.43 suggests that not only the search time but also the localisation is better
for the larger system. Figure 4.5gives a different example as it shows the probability at
the target vertex as a function of T for three different graphs containing 729vertices each,
organised on lattices in 2, 3 or 6 dimensions. The search time as well as the localisation
on the target vertex improve as d gets higher. A very naive reasoning to explain this
effect is to realise that the graph is far better connected in larger dimensions since each

vertex has 2d outgoing bonds. The price to pay for this speed up is an enlarged Hilbert
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space since dimH = 2dN, where N = n¢.

The results of the analytical calculation as given in equations é.4.13 and (4.3.43 shows a
strikingly different behaviour for d = 2andd 3which is con rmed by the simulations

shownin gure 4.5

In the following chapter 5, some applications of the search algorithm on the lattice are

discussed.
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CHAPTER 5

Applications of the lattice search

and Grover's algorithm

The search algorithm on the lattice introduced in chapter 4 possesses some interesting
features which will be discussed in this chapter. Some surprising effects occur when
more than one marked vertex is located on the lattice. To start with, the search algorithm
is generalised to search for m targets, where m  N. Then it will be shown that the
search algorithm can be employed to send a signal from one vertex that therefore acts
as ‘sender' to another vertex or a set of vertices acting as “receivers'. To the best of my
knowledge such sender and receiver models have not been discussed before; apart from
[2], where the results presented here have been published. The algorithm starts in a state
localised at the sender. If sender and receivers are marked as for the search algorithm,
the signal will localise at the receivers as the algorithm proceeds as shown in gure 5.4
This sender-receiver setting allows one to send a signal from one vertex of the graph

to a set of receivers without localisation at other vertices. It should also be noted, that

neither the sender nor the receivers need to know the others positions.

This effect can now be used to introduce a new kind of search algorithm that introduces
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an additional marked vertex to the set of target vertices which acts as sender where
the target vertices act as receivers. Doing so, a continuous signal can be send from the
sender which will localise at the target vertices, see gure 5.6. This way a measurement
of the signal will reveal the target vertices. Other than for the search algorithms of the
previous chapters, it is not crucial to know the search time (for which knowledge of
the number of receivers is needed) as the localisation on the target vertices does not

disappear.

Numerical simulations are shown to visualise the effects and to verify the analytical
results. Most gures for the lattices search shown in this chapter result from simulations

forthe 31 31 lattice although the analysis holds for arbitrary d > 1.

After the detailed discussion for the algorithms on the lattice, both effects, the sender
and receiver model as well as the continuous signal search algorithm, will then be
shown to hold also for the setting of Grover's search algorithm. To do so, a more general
introduction of Grover's search algorithm as presented in section 2.3.1will be given
such that the algorithm searches for m target states. Then one of the marked states is
singled out as sender. As for the lattice, the signal localises at the receiving states for
the single impulse as well as the continuous signal which is used for the new search

algorithm.

To close this chapter, some similarities of the lattice underlying the search algorithm dis-
cussed chapter4 to periodic structures as in solid states or optical crystals are discussed.

Furthermore, the band structure of the unperturbed 2-dimensional lattice is calculated.

5.1 m marked vertices

The analysis of the lattice search can easily be adapted to search for more than one

marked vertex. The reduced space H%introduced in section 4.2.1is de ned such that
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Figure 5.1: The crossing form= 4onad= 2,N = 121 lattice, magni cation.

H n H is orthogonal to all vectors of type jsi  jwi, where jsi is equally distributed in

coin space andjwi an arbitrary vector in position space.

Considerm N marked vertices and denote these v , wherei = 1,...,mand Vi & VI
fori & j. The operatorU, can be adapted by changing the coin matrix analogous to the

case with one marked vertex, that is

ED

U = u+§ ePli 1 Us/ sV, (5.1.1)
i=1
where the index | consists of m parameters | = (I 1,1 5,...,1 m). To simplify the
notation | = 1 will be used for |; = 1 for all i. The marking states sV can be
calculated like in (4.2.6 and
-E_ 1 ... 1 K7 +E E
sV = Pﬁjfol + pﬁ aw f12 + f12 : (5.1.2)

k60

The operator U, is now de ned in an m-parameter space. Figure 5.1 shows the eigen-
phases at the avoided crossing along the line in parameter space where all ;'s are equal.

For the 2-dimensional lattice containing 117unmarked and 4 marked vertices, there are
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three eigenphases crossing at the point(l = 1,w = 0) and two outer eigenphases in an

avoided crossing.

Again, a model Hamiltonian for the crossing is constructed. It can be reckoned that the
important vectors are m localised states, one for each marked vertex, and the uniform
distribution. This results in a model Hamiltonian speci ed by an (m+1) (m+1
matrix. The spectra shown in gures 5.1 and 4.2 support this approach as there are

m+ 1 eigenphases near(l = 1,w = 0).

Furthermore, the overlap between different localised states will be neglected, that
is, m,i jnlji = dj is assumed. A second assumption that will be employed is that
the localised state for a single marked vertex as given in ( 4.2.18 provides a good

approximation for the localised states. Therefore the m vectors

E ipl i E i E
; b €P 1 . Si eqk e G
n = —p— w7 ity = f 5.1.3
! N2 go) d% 'k gol) e % % (.13
®60
will be used for the m localised states.
Note that especially the assumption rnli jnlj i = d; does not necessarily hold. It can

be seen from the de nition ( 5.1.3 and from gure 4.1 that the amplitude of nli is
not zero everywhere but on jv;i. However, it will be assumed that interaction can be
neglected as a relatively large probability is localised at the target vertex and its  2d

nearest neighbours, see sectiord.3.5

D E
Finally, it will be assumed that the matrix elements nli jHj nlJ = Ofori & j, that

is, interaction takes place through the uniform distribution  jf ¢i only which can be
regarded as carrier state. The remaining non-diagonal matrix elements  ie have been
calculated in (4.4.9. Hencee = 92% + 0 % . The diagonal entries w are again integer

multiples of 2p as they are de ned by the phase of the crossing. Now, the Hamiltonian

H can be determined using the canonical basis de ned as fj 1i,j2i,...,jm+ 1lig =
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jFoi, nl_; ,...,n0, thatis
0

1
w e e ... ie
ie w 0 ... O
H=R ije 0 W, : (5.1.4)
: : .0
0 W

ie 0

in analogy to the de nition in ( 4.4.7).

5.1.1 Eigenvalues and eigenvectors of the model Hamiltonian

To agree with numerical calculations of the spectrum of U, in the spaceH %as shown in
gure 5.1H needsm 1leigenvalues w and 2eigenvalues w %. Here D is de ned

as the distance between the two outer eigenphases ofU, .

Eigenvectors and eigenvalues of H are easily calculated:

eigenvector eigenvalue
jui=rp- iPm11,...17 w Pine (5.1.5)
u = %; 5 &l_pjji + (1 D)ji+ 1i w
where u' isdenedfor i= 2,3,...,m. Hence the analytical results coincide with the

numerics.

5.2 Search for mtarget vertices

The uniform distribution jf oi = j1i can be expressed using the eigenvectors ofH, that
is, jfoi = pl—é (ju*i ju i). Following the calculation in section 3.4.1, the time of the

search is computed by applying U, -1 t-times to the starting state, where t remains
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Figure 5.2: The localisation at T = 24 of the search for 4 marked verticesona 31 31-

lattice.

unknown. The resulting state is

t.. igp 1
Ul(r:-iil) (m+1) jfoi = e |Htp§ ut u (5.2.1)
. p_ ) p—
— {9% eI(W me)t ut eI(W+ me)t u _ (5.2.2)

P—
The yet unknown time t is now de ned such thate "' ™® = j, that is,

t= P (5.2.3)

and therefore

(m+1) (m1) b o

_ fol =
=1 ITo 5
Faiwt

E?E(QI,L..HJT. (5.2.5)

(5.2.4)

|
-?(D
I
c
c

U

It can now be seen that the search algorithm localises on allm marked vertices simulta-
neously after T time steps, where T is the integer closest to t. This coincides with the

result for m= 1in (4.4.17).

In gure 5.2the resulting state of the search algorithm for 4 target vertices is displayed

while gure 5.3shows the time evolution of the probability on several vertices. For a
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Figure 5.3: Time evolution on the 4 marked vertices and 4 randomly chosen unmarked

verticesona 31 31-lattice.

31 3l-lattice, the search localises on the marked positions after T = 22 times steps.
To visualise the time evolution, gure 5.3 shows how the probabilities on the 4 target
vertices evolve compared to the probabilities on 4 randomly chosen unmarked vertices

in the same setting, that is, the same con guration of target vertices and the same lattice.

Equation (4.3.43 shows that, for the 2-dimensional lattice, the probability decays with
increasing N. This explains the small probability to measure the walk at one of the
target vertices in gures 5.2and 5.3, but the probability is still large compared to the
probability at the unmarked vertices. However, better results can be expected for the

lattice in d 3 dimensions (compare gure 4.3).

5.3 Transfer of a signal

The quantum search with m 2 marked vertices can be used to transmit a signal across
the graph without further changes to the search operator U, -;. Itis also remarkably

that neither sender or receiver need to now each others position.
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5.3.1 Single impulse

If the algorithm starts not in the uniform distribution but at vertex jv™i the starting state

is nL, B jm+ 1i. After applying U, -1 t times, the resulting state is of the form

t
u{me D (e, (5.3.1)
ie iHt q ———
= pzj ut + u i 2(m 1)jumi (5.3.2)
m
ialwt P P q ——
= B el Myt wd Mty i om 1)juMi
2m
(5.3.3)
Choosing t = pE_
t iaiwt q ——
u(mY (MDY i = éezj ut o+ u +i2(m 1)juMi (5.3.4)
m
: 2 2 2 2 T
= eW o= = ..., 2,2 1 (5.3.5)
m m m m

is obtained and the state is localised on all m 1 remaining marked vertices with the
same amplitude and a remaining contribution on the  mth marked vertex. For further
reference, the vertexjv™i will be referred to as “sender' and the remainingm 1 marked

vertices as ‘receivers'.

Note that in the special case m = 2, the whole signal is transmitted and the amplitude
on the sender vanishes completely. Figure 5.4shows how the intensity on the sender, a
single receiver and 4 randomly chosen vertices evolves in time. The noise on top of the
signal of the sender seems to be due to the way the starting state has been generated.
In an experiment it would be dif cult to generate nlse”de’E. Therefore the starting state
used for the numerics was constructed as the localised state of the search algorithm
that started in the uniform distribution where nlse”derE acted as the only marked vertex.

Only after this rst localisation, when the probability at the sender had reached its rst

maximum, the second marked vertex was introduced.
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Figure 5.4: A signal is transferred from one vertex, acting as sender to another one, the
receiver, on a 31 31-attice. At the bottom of the gure, the probability

evolution on 4 randomly chosen vertices is plotted.

The whole process is periodic and once the walk is localised at the receiver the réles of

sender and receiver change and the receiver returns the signal back to the sender.

The set of marked vertices splits in one senderandn  1receivers. At each receiver% of
the probability will localise and a probability of (zmi';)z remains at the sender. Figure5.5
shows some results for various simulations ona 31 31 lattice. The general behaviour
agrees with the theoretical result although there are differences. The theoretical model
is based on the assumption that there are no interactions between different marked
vertices, that is, the con guration of sender and receivers does not have any in uence
on the result. This assumption is just an approximation and gure 5.5 shows that
the con guration of sender and receivers does play a réle. This can be seen as there
are different intensities for different con gurations. In the case of two receivers the

differences obtained for different con gurations are most striking.

Furthermore the plot showing the localisation of the search for 4 marked vertices printed

in gure 5.2shows that the distribution is likely to affect the resulting state: It can be
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Figure 5.5: Amplitude of the signal at the sender and the receivers after the localisation
on the receivers on a31 3llattice. Three different receiver con gurations
have been considered for each xed m. The bold lines give the predictions

obtained from equation ( 5.3.5.

seen that the amplitude on the neighbours of the marked vertices is notably away from
zero and if two receivers are close together, e.g. neighbours, interference effects are
expected. Thus the different results for different con gurations of marked vertices

shown in gure 5.5are explained.

Interestingly, the sender can estimate how many receivers are listening to the signal by
tracking the signal locally at the senders position. There are two indicators that enable
an estimate, the time and the minimal amplitude. The time after which the signal at
the sender reaches its minimum scales like t = p%e but since the minimum are quite
broad, the time measurements are inaccurate. Figure 5.5 suggests that by tracking the
magnitude locally to measure the minimal amplitude, the sender is able to distinguish
betweenm 1= 1,20r 3receivers. This technique is not accurate for more than 3
receivers because the differences due to different sender-receiver con gurations are on

the same scale as the difference between different numbers of receivers. However, if the
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Figure 5.6: A signal is fed in continuously at a sender and observed at the receiver. At
time t = 200the receiver changes position and the dashed lines show the
signals for the case of an unchanged receiver. A 31 31 lattice was used
and to keep the signal nite, the system was damped and 10%of the signals

at sender and receiver and 1% at all other vertices was reduced.

sender knows where the receivers are located on the lattice, an estimate seems possible.

5.3.2 Continuous signal

Since it is possible to transfer a signal from one marked vertex to some receivers without
knowing the number or positions of the receivers, it is interesting to investigate if the
mechanism works for a continuous signal as well. Numerical simulations suggest that

this is the case.

Figure 5.6 shows the results for two different settings. In both simulations the signal

is fed into the lattice by adding the state jsvi at a sender¥ at each time step. A single
sender was introduced at a randomly chosen position and the signal at sender and
receiver has been investigated. Furthermore, some damping was introduced to keep the

signal nite. Up totime T = 200the gure shows how the signal evolves at sender and

92



CHAPTER 5: APPLICATIONS OF THE LATTICE SEARCH AND GROVER'S ALGORITHM

receiver. The system takes some time until an equilibrium between damping and added
signal occurs. After T = 200, the system is almost stable as shown by the dashed line

for T > 200.

The second simulation, shown by the continuous line, starts identically butat T = 200
the position of the receiver was changed and the gure for T 200 shows how the
system adapts to this sudden change. The result is that the signal at the old receiver
position breaks down almost immediately whereas a new peak arises at the new position

in less time than the peak at the initial position.

The faster time is easy to explain, since according to the model introduced in sectiorb.1,
the localised states at sender and receiver interact through a carrier state, the uniform
distribution. Therefore the peak at the rst receiver can not be built up, until a suf cient
amount of the signal has been transferred into the carrier state. When the position of the

receiver is changed, this is not necessary as the carrier state is already occupied.

The overshooting of the signal at the old position shortly after the receiver has been
moved is due to the special choice of damping. That is, a general damping of 1% at all
vertices and a damping of 10%at sender and receiver. This has been done to simulate
an additional bond attached to those vertices where 10%of the signal leaves the graph,
enabling sender and receiver to perform measurements without affecting the state in
the system. Hence the equilibrium that arises after a critical time at the receiver takes
this damping into account. Then, when the position is changed the damping at the old
position disappeared and the signal overshoots before the system adjusts to the new

setting with the now unmarked coin at this position and the signal breaks down.
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5.4 Grover's search algorithm

In this section, the sender and receiver model and the continuous search discussed above
will be adapted to Grover's search algorithm. In section 2.3.1Grover's search algorithm
has been introduced (see alsoj, 23]) but a detailed discussion has been postponed until
now. The discussion starts with a repetition of the de nition given in the earlier section,

here adapted to m target states.

Given a system with N states of which m N states are target states. Grover con-
structed a search algorithm [23] that will localise on the target states using the following

steps.

1. initialise the system in the uniform distribution

. 1 1 1 1 T
1= —, P—=,P=,...,.P— 54.1
Iy %N %N %N %N ( )

2. repeat the following unitary operations T times, where T is a particular, but yet

unknown time T = W pW

(a) rotate the phase of all stategv;i by p if jvji is a target state and byO otherwise.

(b) apply the unitary matrix D denedby Dj = 1+ %andDj= Zfori6 j

3. measure the resulting state |y resyiti -

5.4.1 Grover's search algorithm for m marked vertices

The calculation of the search time for m marked vertices follows the presentation in [ 5].
As discussed in section2.3.1 Grover's algorithm, consists of a successive application of

two re ection operators performing a rotation in a two dimensional subspace.

jyi = p%(l.l,...,nf (5.4.2)
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is de ned as the uniform distribution ( 5.4.7) and let the uniform distributions of the m

target states and theN  munmarked states be de ned as

ivi = p—8 %xi (5.4.3)
m x
L 1 o 00 .
jVui = p——a |xi, (5.4.4)
N m,
where & °sums over all marked and & °Cover all unmarked states . Using these
q_
distributions, the uniform distribution ( 5.4.1) can be expressed asjyi = [ jwi +
q__
Na™jvyi = sin jwii + cosdjvyi for some angle g with
r __
gq= 2arcsin g (5.4.5)
Grover's algorithm can be denoted as
G= (2jyihyj] 1)0, (5.4.6)

where the oracle O switches the sign of all components of the m marked states [5] and

therefore

o=1 28 Yxihxj. (5.4.7)

x
For any superposition jai = sinajvii + cosajvyi, Grover's algorithm performs a rota-

tion in the 2-dimensional space spanned by jvii and jvyi since

Gjai = (2jyihyj 1)( sinajvii + cosajvyi) (5.4.8)
=2jyi singsina+ cosgcosa + sinajvii  cosajvyi (5.4.9)

_ 20 : 9.1 -

= 2sin > +1 sina+ 200325|n 5C0sa jwi

q 9 q. Lo
+ 20052E 1 cosa Zsmécosé sina vyl (5.4.10)
=sin(g+ a)jvii + cos(q+ a)jvyi (5.4.11)

and the angle of the rotation is g. Note that G does not shift the state out of the plane
spanned by jvii and jvyi. A sketch of the 2-dimensional subspace and the effect ofG is

shownin gure 5.7
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Figure 5.7: The action of G in the 2-dimensional subspace.

In particular, this is true for jyi and t applications of G lead to

Gljyi = sin g+tq jvil + cos 2+ tq i (5.4.12)

It is obvious that for small angles g, the algorithm reaches a state close tqv;i for somet
and will be measured in one of the m marked states after t applications of G with high

probability. The optimal number of applications of the search algorithm G is de ned as

the integer T which is closest to t de ned by
9 -
sin > +tq =1, (5.4.13)

that is,

P 1 (5.4.14)

q_—_
If only a small fraction of states are target statesand m  N,thenq 2 { follows

from (5.4.5 and

P—

p N 1

= = 4.1
CPw 2 (5419

N
- (5.4.16)
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5.4.2 Sender and receiver model for Grover's algorithm

This thesis introduced a sender-receiver model for the lattice search. As will be shown

in this section, the same can be done for Grover's search algorithm.

To transfer the sender and receiver model to Grover's algorithm the de nitions of the
previous section need to be changed. Additional to the m marked vertices, a special
marked statejvgi called “sender' is introduced making the number of unmarked vertices

N m 1.

The new set of vectors is de ned as

ivi = p— & %xi (5.4.17)
mx&vo

. 1 o 00

jVul = p———=q xi (5.4.18)
N m 1

"m r N 1 1
- m. . m L L
jyi= v + N jvui + pﬁjv(ﬂ , (5.4.19)

where 8 ®and 8 °%sum over all marked and unmarked states respectively. Note that jv;i

is the uniform distribution of all marked states but the sender.

To simplify the analysis, two auxiliary states are introduced

r

. m . . i ..
= — + 4.
jai ey 1jvt| pmjvm (5.4.20)
r
- (. .
= + 4.
jbi pmjvtl et 1JV0I (5.4.21)

such that jai is the uniform distribution of all marked states including the sender and
jbi is a second state in the jvii -jvoi -plane orthogonal to jai. Note that this implies jbi

orthogonal to jyi, the uniform distribution of all states.

The uniform distribution lies in the span of juyi and jai and an angle gis de ned such
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that

r r
N m 1 m+ 1.
N

jvui + jai (5.4.22)

jyi =

cosgjvui + sin gjai . (5.4.23)

The action of G on an arbitrary vector in the span of the vectors jvyi, jai and jbi
will be analysed using a normalised test vector ja = ayjvyi + agjai + a,jbi with

jauj®+ jaaj’+ & 2= L

Gjai = (2jyihyj 1) ayjvyi agjai  ayjbi (5.4.24)
=2jyi aucosg aasing ayjvul + agjai + ayjbi (5.4.25)
= (aycosq aysinQ)jvyi + (a,sing+ azcosq)jai + a,jbi . (5.4.26)

As before, this subspace does not mix with its complement and the algorithm once

started in this subspace is trapped there.

If the canonical basis is identi ed with these three basis vectors, thatis jvyi = jli,

jai = j2i and jbi = j3i, Gis the rotation matrix

0 1
cosq sing O
G=RBsing cosq O (5.4.27)
0 0 1

as can be seen from 6.4.26, and hence
0 1

cos(tq) sin(tg) O

G'= Bsin(tg) cos(tq) O - (5.4.28)
0 0 1
The uniform distribution of all unmarked states is  jvyi = (1,0,QT. An angle f is
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de ned such that sin % = pﬁ and Cos% = = and simple algebra leads to
o ff T
jvol = 0,sin > cosE (5.4.29)
. £ f T
jvii = 0, cosi, sin > - (5.4.30)

Now, the effect of t applications of G on the senderjvgi can easily be analysed and one

observes oscillations in all three states

Voj G'jve =sin? % cos(tq) + 0052% (5.4.31)
vijGljvg = %sinf (cos(tgq) 1) (5.4.32)
VjGljve = sin%sin (tq) . (5.4.33)

Figure 5.8 shows the probability for N = 50, and m = 1and m = 5 in two different
plots in one state of the set of receiving and unmarked states. Note that the curve for the

unmarked state is close to zero and barely visible.

1 receiver 5 receivers
T . — T 1 . . — —
! : — sender g b — sender
-~ receiver -~ receiver
0.8 unmarked - 0.8 unmarke
206 4 Zoe- ;
o o
[ © L
Q Q
o o
5 0.4 4 a04- B
0.2 — 0.2 |
0 L o b tne 0 ezl LT . Lol .
0 5 10 30 0 5 10 15 20 25 30

Figure 5.8: Results for Grover's algorithm in a setting with 50 states and one sender

and one and ve receivers respectively.

5.4.3 Continuous sender in Grover's algorithm

To send an continuous signal from the sender to the receivers, some damping needs

to be introduced such that the system reaches a constant saturation state. Let p be the
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Figure 5.9: Results for Grover's algorithm with 50 states and continuous sender. The
gures show the signal of a system with 5% damping and one receiver and

ve receivers respectively.

probability of the undamped part, then (100 100p) % of the amplitude in each state is
damped. The statejA (T)i after T time steps can be calculated using
T1
jA(Ti= 3§ pdija, (5.4.34)
i=0
where jai is an arbitrary state that is added every time step.

. . . . . . hesjA(t)i2
Using the amplitudes given in equations (5.4.33, (5.4.33 and (5.4.33 the signal —= =~

has been plotted in gure 5.9 where k is the number of states, that is1 for the sender, m
for the receiverand N m 1 for the unmarked state and jtesi was chosen equal to

the uniform distributions of sender, receivers and unmarked states.

5.5 Continuous model as search algorithm

The continuous-sender model for Grover's search and the lattice search as shown in
sections5.3.2and 5.4.3represents an improvement to both search algorithms. Additional
to the target vertices of the search setting, a sender is introduced and sends a continuous

signal to the target vertices which act as receivers. This model has the advantages that
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no uniform distribution is required to search for the target vertices and the number of

target vertices does not need to be known.

Unlike the original algorithm from Grover, there is no need to know the search time

exactly since once the walk is localised at the receivers, the signal remains there. A critical

p

point of Grover's algorithm is knowing the localisation time T closetot = %

3|z
NI

at which one needs to perform the measurement. Since T depends on the overall
number of states N and the number of target states m, Grover's algorithm requires the
knowledge of the size of the systemN and the number of target states in advance. If the
measurement is not performed at T, the algorithm is not well localised and the result of

the measurement can be any arbitrary vertex.

The algorithm with continuous sender produces a high signal at all marked vertices,
that is sender and target vertices. It reaches a stable localisation such that the time is
not a critical factor for the algorithm and neither the number of target states. It might
seem to be a disadvantage that the time at which the localisation reaches a stationary
state takes signi cantly longer. In the example given in gure  5.9for one receiver, no
major changes occur after 100time steps while the localisation time de ned by ( 5.4.19
is 5 time steps. However, the numerics suggests that a localisation emerges with an

amplitude notably higher than at the unmarked states after a much shorter time.

A different approach leading to a somewhat similar result was introduced in [ 60]. Mizel
introduced a search algorithm similar to Grover's algorithm that succeeds to localise at
an unknown number of target vertices in a time P N. Due to dissipation the rotation in
the two dimensional subspace is damped and does eventually stop in the localised state.
Although the method used is quite different from the approach discussed in this thesis,
both algorithms are able to nd an unknown number of target vertices and the localised

state becomes stationary.
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Figure 5.10: Unit cell (black) within the 2 dimensional periodic lattice (grey).

5.6 Conditions for an experimental realisation

A promising implementation for an experimental realisation is provided by systems
with periodic structures like crystals in solid states or photonic crystals. An introduction
to photonic crystals can be found in [ 61]. These systems can be regarded as periodic
structures consisting of unit cells and it is possible to introduce perturbations by altering

single unit cells.

The system of the search on a regular square lattice as de ned in section 4.1.1draws a
similar picture since an otherwise periodic system is perturbed by a marked vertex or

defect.

As sketched in gure 5.10the lattice can be understood to be composed of unit cells
whose boundaries cross the bonds of the graph in the middle. The operatotJ introduced
in section 4.1.1will, for the scope of this section, be rede ned such that it now propagates
waves from one unit cell to its nearest neighbours. Other than in solid states or photonic
crystals, the lattice takes only interactions between nearest neighbours into account and

neglects dissipation.

5.6.1 Band structure of the unperturbed lattice

Assuming that U, = g does not depend on the frequency of the quantum particle propa-

gating through the 2-dimensional lattice, the band structure of the unperturbed lattice
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can be evaluated by the condition
det 1,404 €XUj=g 0O, (5.6.1)

where ais the geometrical width of the unit cells and  k the wave length of the walker.

Hence €*@js the phase shift between incoming and outgoing waves of the unit cells.

Note that condition (5.6.]) is equivalent to demanding e *@being an eigenvalue ofU, -
asitis equivalentto det 1,4 @ Uj-o 0. The phase factor can be obtained by

calculating the eigenstates, that is, asking for stationary solutions of U, - .

Consider the 2-dimensional lattice and let y j, yé’ be the wave functions on bond band d
respectively, where bis an index varying over all bonds pointing in  x direction and d
enumerating the bonds in y direction. Let the coordinate on the bonds be de ned such

that the direction of increasing coordinates agrees with the directions of x andy.

Wave propagation on the bonds can be characterised using plane waves and a set of

coef cients Ay, By, Cy, D4 according to

yi= A+ Bye & (5.6.2)

y) = Ce€Y+ Dge ™. (5.6.3)

Regard the wave functions in the neighbourhood of a vertex v. Let b and d be the bonds
leaving v in negative x and y directions and b+ 1, d+ 1the bonds leaving v in positive
x and y directions respectively. Due to the periodicity of the system stationary solutions
are translational invariant and the wave functions y}, ; and yz+ 1 are speci ed by the

wave functions on y X and yé’ and the yet unknown phase factors k; and ko

Apry = €A,
Bb+ 1 = eiklaBb

. (5.6.4)
Cor1 = €522,

Dp+1 = eikzan
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However, time propagation provides an additional mapping between the amplitudes
that is governed by the vertex scattering matrix s that maps the four incoming waves at

v to the four outgoing waves

1 0 1
Bbe ika Abeik
Ap+1 Bo+ 1
=s . (5.6.5)
Dde ik Cdeika
Ca+1 Dg+1

The de nition of s from equation ( 4.1.1) and the set of identities in ( 5.6.4) leads to a

linear system of equations in Ay, By, Cq and Dy

10 1
eika eikla 2e ika eika eik2a Ab
eika 2eik1a eikla eika eik2a Bb
=0. (5.6.6)
eika eikla eika eikza 2¢ ik Cd
eika eikla eika Zejkza eik2a Dd

To obtain stationary solutions for the wave function, the determinant of the matrix of

coef cients needs to be zero, and hence
0 = sin (ka) (cos(kya) + cos(koa) 2cos(ka)) (5.6.7)
de nes the band structure of the 2 dimensional lattice.

Figure 5.11shows a three dimensional plot of the thus obtained band structure fora= 1.

The band structure is 2k periodic and the gure isrestrictedto k2 [ p,p].

The nite number of vertices per dimension and periodic boundary conditions of the
lattice demand the phase factors for n translations in dimension i to be ekian = 1,
Therefore the band structure is discretised according to

_ 2pli
T an

ki i22Z. (5.6.8)

A phase shift of more than 2p in positive or negative direction can not be distinguished

from a smaller one. Thus kja can be restricted to [ p,p] without loss of generality.
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Figure 5.11: The band structure of the two dimensional lattice.

The thus obtained discrete band structure coincides with the eigenphases discussed in

section4.1.2

5.6.2 Defect states

From the analysis in section 4.2 it is known that the perturbation introduces a new

eigenphase, the defect state, that crosses through the spectrum ak = 0 modulo 2p.

Defect states that are localised in the band gap are trapped at the defect since no
transition through the regular, unperturbed system is possible. Given a system with
defect states that are within the band and have a frequency near a uniformly distributed
state at k = 0 modulo 2p. According to the analysis of the search on the lattice, it
should be possible for the defect state of this system to interact with the eigenstates of
the unperturbed system and it may be assumed that a localisation from the uniformly

distributed state does occur in an experimental setting.

Although it is not yet clear what conditions such a system has to meet, it will be

interesting for further research to investigate if an experimental search algorithm in
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a crystal can be constructed. Following the reasoning above, one can expect that one
condition is that the system has a localised defect with a defect state close to a uniformly

distributed state.
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CHAPTER 6

Some thoughts on the lattice

search

This chapter lists some speculations and ideas why some search algorithms are suc-
cessful while others are not. There are many open questions about the conditions for

successful localisation processes.

The main part of the chapter consists of reasoning and numerical simulations. Based on
the lattices search different coin ip operations are tested against the search constructed
by Ambainis, Kempe and Rivosh (AKR). Although the lattice searchin  d dimensions
does not scale optimal, that is with P N, the coin ips tested in this chapter are not better.
On the contrary, two of the three tested algorithms achieve no signi cant localisation at
all, gure 6.3 Only the coin in equation (6.2.]) results in a time which scales better than
the AKR-coin, compare gure 6.1 However, the localisation is not as good as for the
AKR-coin (gure 6.2) and therefore the overall behaviour does not seem to be better. A
detailed analysis of the search algorithm would be necessary to compare both search
algorithms but this however, is beyond the scope of this chapter and due to lack of time

beyond the scope of this thesis.
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6.1 What makes an algorithm ef cient?

Itis somehow surprising that the search algorithm on the lattices has a different ef ciency
in 2than in 3or more dimensions. Answering the question "Why?' might provide deeper
inside into conditions that enable the algorithm to localise on the target vertex faster.
The algorithm in 2 dimensions needsO P NIn N time steps, while O P N provides
a lower bound for search algorithms in general [ 23, 24]. Therefore it is not guaranteed
that no algorithm exists that provides a search on the 2-dimensional lattice with a
more ef cient scaling in  N. Furthermore equation ( 4.3.43 shows that the scaling of
the amplitude on the marked vertex is not as good as for lattices with more than two

dimensions.

How does the search algorithm for a d-dimensional lattice localise? It can be seen
from gure 4.5and from the theory in section 4.4 that, up to some uctuations, the
probability to measure the walk at the target vertex increases steadily until it reaches
its maximum where it remains for a few time steps before it starts do decrease again.
Since a notable amount of probability is localised at the marked vertex, the algorithm
has to have backscattering at the neighbouring vertices. Otherwise, the walk would not
be able to localise at the marked vertex with a probability of more than  40%, as can be
seen for the 6-dimensional lattice in gure 4.5 for more than two time steps. Obviously,
the 40%intensity at time t; would be shifted to the neighbouring vertices at t; + 1, and
on a lattice without backscattering, the probability can not extend 20%at t; + 2. As the
localisation on the target vertex is high for more than two time steps, some contributions

must have been backscattered from the nearest neighbours of the target vertex.

The coin ip ruling the backscattering at the nearest neighbours of the target vertex is

the unperturbed local coin ip as de ned in equation (  4.1.7). That is the backscattering

1

is de ned through the diagonal terms as 1, while the factors for the amplitudes of

Ql
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the outgoing waves in all other directions are %.

It can be seen that the coin ip acts differently in 2 dimensions. In this lattice, backscat-
tering is singled out only in sign and the magnitude for backscattering is equal to the
magnitude for scattering in any other direction. The lattices in more dimensions single
backscattering out in sign and magnitude as the probability for backscattering is higher

than for any other direction.

One may thus conclude that backscattering enables the algorithm to trap the amplitude
more ef ciently at the marked vertex and that the search will thus have an improved
localisation if backscattering is increased. To investigate if the poor result for the search
on the 2-dimensional lattice is connected to the lower probability for backscattering

some numerical results are considered in section 6.2

An argument against higher backscattering is that it is important that the walk is able to
spread “fast' through the network. When the walk is started in the uniform distribution
and no marked vertex is introduced, it will remain there because the uniform distribution
is an eigenstate of the unperturbed walk. As soon as a vertex is marked by a different
coin ip, the “knowledge' of the perturbation starts to spread through the graph. 3-
dimensional simulations on the 2-dimensional graph as shown in gure 4.1and gure 4.5
for several time steps give the impression that the marked vertices attract the probability
right from the start. To localise the probability at the target vertex the information has to
spread through the graph and to increase backscattering may be the wrong approach
to make the search more ef cient. Thus the amount of backscattering may have to be

balanced between these two effects.

The performance of three different coins will be analysed in this chapter, the “Kottos-
Smilansky coin’, the Fourier coin and an algorithm based on a coin without backscatter-

ing will be investigated.
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6.2 The Kottos-Smilansky coin

The most promising coin ip is the Kottos-Smilansky coin. This coin matrix, introduced
by Kottos and Smilansky in 1999 [ 37], is a generalisation of the coin used in chapter 4

and is de ned as

sks(M= 1+e '™ jsihg 1, (6.2.1)

where jsi is de ned as in chapter 4, thatis, jsi = p% éidzl(ji*i + ji i) and mis areal

parameter.

This matrix has the advantage that on the one hand, it is a generalisation of the coin used
in chapter 4 since the this coin is represented by them= 0 case. On the other hand, the
parameterm2 [0,p] can be varied to increase backscattering continuously. It is certainly
not wise to choose m= p, because for this choice the probability for backscattering
equals 1 and the algorithm cannot localise anywhere as the amplitude is trapped on the

bond where it started.

The global coin ip is de ned again by the local coin ip on all vertices, thatis C(m =
sks(M  1n.

Note that in terms of the parameter mthe distance of the local coin and the old perturber
coin 1,4 is reduced if m6& O is chosen since the perturber coin used earlier equals
s% = sks(p). To make up for this, a new perturber coin  s°(m) = sks(p + M is

introduced.

To obtain the perturbed global coin, the local coin at the target vertex jvi is replaced by

the perturber coin

cUm=c(m sks(m s%m  jvihy] (6.2.2)

C(m 2e ™Mjsihsj jvihvj. (6.2.3)
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Figure 6.1: Time needed for the localisation on the marked vertex for the search algo-

rithms for several mas a function of N.

Sincejsi is ae Meigenvector of s (m)

uo(m

sSc(m (6.2.4)
s(C(m 2c(mjsihs jvihvj) (6.2.5)
U(m 2U(njsvihsy (6.2.6)

results in a generalised search algorithm where backscattering can easily be varied.

Some numerical simulations for this search algorithm will be presented in the following

section.

6.2.1 Numerics

The numerical simulation for the success of the search in 2 dimensions for some m

including the old search algorithm represented by m = 0, are shown in gure 6.1

. P—0
It can be seen that the search algorithms for m6& 0 scale faster than N In N, since

the distance in time between the different algorithms increases rapidly for large  N.
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Figure 6.2: Probability at the target vertex as a function of N for the search algorithms

shown in gure 6.1

Thus backscattering affects the localisation process and localisation occurs faster when

backscattering is increased.

However, gure 6.2shows that the search algorithms for m& 0 do not localise as much
probability as the m= 0 algorithm. Inthe limit N ! ¥ the probabilities ofthe m6 0
algorithms decrease even faster than the algorithm introduced by Ambainis, Kempe
and Rivosh. To obtain a constant success probability amplitude ampli cation methods

like in [ 59] have to be used and the search needs to be repeated several times.

Overall, a detailed calculation is necessary to determine if the algorithm is more ef cient
for m& 0 since the faster search is balanced by a higher number of repetitions to obtain

a success probability for the algorithm that does not change with N.

Thus the numerical results do not con rm the arguments in section 6.1 It was expected
that the localisation will improve if backscattering is increased and that backscatter-
ing might lead to longer search times. However, the gures display that the scaling

behaviour of the time improves and the localisation amplitude decreases when mwas
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increased.

To understand this effects a more detailed analysis of the spectrum of the search algo-
rithm would be necessary. Unfortunately there was no time to do this as part of this

thesis.

6.3 Other test coins

6.3.1 The Fourier-coin

The second coin to be tested is the Fourier-coin

ePii/ djijhjj (6.3.1)

opy

1
SF= p—
" 2d =1

where the coin space span vectors where labelled using i and j, and the summation
indices are varied from 1 to 2d for convenience. Note that this does not coincide with
the notation above where i 2 [0,d] and the basis states have been labelled asji* i and
ji i.However, for i 2 [0,d] the new labels for the basis states can be mapped to the old

set according to

jii $ jiti
(6.3.2)
ji+di $ i
and the old de nition for the shift operator de nedin ( 4.1.3 can be employed.
The most successful marking coin | could nd for this algorithm is
2d
sg= & €P"djiihij. (6.3.3)

i=1

Some results for the search will be shown and discussed in section 6.4.
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6.3.2 Coin without backscattering

Harrison, Smilansky and Winn investigated graphs where backscattering is prohibited

[62]. They introduced a coin

1
SHsw = Pﬁ (H 1), (6.3.4)

where H is an orthogonal 2d  2d matrix with entries 1 fullling H+ HT = 21,4. For

the simulations shown in gure 6.3 the Matrix
0

1
1 1 1 1
1 1 1 1
H = (6.3.5)
1 1 1 1
1 1 1

According to the claim that backscattering at the vertices adjacent to the target vertex is

was used.

important, these vertices have been marked as well as the target vertex. The best results

where obtained for the marking coin s%= 2jsihsj 1.

6.4 Comparison of the results for different coins

Figure 6.3shows the outcome of three simulations using the standard coins = 2jsi hsj

1,4, the Fourier coin and the coin without backscatteringona 31 31 lattice.

The algorithm based on the Fourier coin and the one based on the HSW-coin cannot
compete with the search algorithm discussed in chapter 4. The localisations obtained
using these coins have a maximum comparable to the probability of the uniform distri-
bution. The algorithms achieve an enhancement compared to the uniform distribution
of ve or two times respectively. Additional to that poor result, the maxima are near

the 50th time step, so they are not even faster. Although the maximum of the standard
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Figure 6.3: Probability on the marked vertex for different coinsona31 31 lattice.

search algorithm is not visible, it is reached at about the same time. This can be seen
from the minimum since the localisation takes half of the time of the rst minimum

which follows from a calculation analogue to the calculations in sections 4.4and 3.4.

One surely has to analyse the spectrum of the algorithms simulated in this chapter to
understand why they show the behaviour displayed in this chapters gures. Due to
lack of time, this analysis has not been done in the scope of this thesis but nevertheless,

some criteria for ef cient search algorithms have been identi ed.

It seems crucial to have an avoided crossing in the spectra of the search algorithm
and that the eigenvectors of the two eigenvalues that avoid the crossing are linear
combinations of a state localised at the target vertices and a totally symmetric state that
can be used as starting state. From sectiorB.4.1it is known that the oscillation between
this two states that leads to a localisation is the faster, the bigger the gap, thatis t = g,
where D is the distance in the gap. Furthermore, the eigenvalues in the avoided crossings
have to be separated from the others by a distance larger than D such that the main

interaction is between them. Note that the last condition, the separation, applies only
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to eigenvalues that are affected by the perturbation that changes the quantum random
walk into a search algorithm. Both systems discussed in this thesis, the hypercube and
the lattice search, had a highly degenerate eigenspace with eigenphase 0, that is, in the

centre of the crossing, which where not affected by the perturbation parameter | .

The last observation that shall be noted is that the coin of the hypercube and lattice
searchiss = 2jsihs] 1,4. Thisis a very special choice as it coincides with the matrixD
denedby Djj = 1+ % andDj = & fori6 jused for Grover's algorithm 2.3.1 Thus
the search algorithms using this coin have more similarities with Grover's algorithm
than the search algorithms using different coins. Being close to Grover's algorithm
might be a condition for an optimal search algorithm as it can be shown that Grover's

algorithm scales like an optimal search algorithm [ 5, 23, 24].
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Conclusions

A new method to analyse search algorithms on graphs has been introduced and success-
fully applied to two search algorithms previously introduced in[ 25, 50]. For both sys-
tems, only the scaling of search time and localisation amplitude has been known before
while this thesis gives the leading order terms of both quantities for the d-dimensional
hypercube and for the 2 and 3 dimensional lattices. For ad > 3 dimensional lattice only
the order has been calculated here but the leading order terms can be obtained using

numerical integrations as has been discussed in section4.3,

The new model for the analysis of the search algorithm containing one target vertex
introduces a 2 2 model Hamiltonian that characterises an avoided crossing in the
spectrum of a one parameter family of unitary operators. As a function of the parameter
these operators change continuously from the unperturbed quantum walk to the search
algorithm and back. Notably the crossing occurs exactly at the same position in parame-
ter space as the search algorithm. It has also been shown that the localisation process of
the later occurs due to oscillations between two eigenstates of the operator describing

the search algorithm.

The search algorithm has then been generalised to nd an arbitrary numberof m N
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target vertices by generalising the model Hamiltonian to obtaina (m+ 1) (m+ 1)
Hamiltonian. This Hamiltonian has been used to calculate the search time for m target

vertices. Compared to the m = 1 case the search time is reduced by afactorp%.

Apart from the new model, this thesis introduces new applications of search algorithms.
If more than one vertex is marked, the algorithm can be used to send a signal from one
vertex, the “sender’, to the other marked vertices which act as receivers. After a time
which is twice the search time, a signal that was started at the sender is localised at the
receivers with some amplitude remaining at the sender. Throughout this process, the
signal on the unaffected vertices is small compared to the signals on sender and receivers.
Remarkably, in the case of one receiver the signal is transferred in full. Additionally, the
sender can, by tracking the local amplitude at its position, estimate how many receivers

are listening' to the signal.

This sender-receiver scenario has been calculated analytically for the lattice search as
well as for Grover's algorithm. The calculation for the lattice has been approved by

some numerical simulations.

In a different setting the sender can send a continuous signal through a damped system.
Again the signal is transferred to the receivers, an effect that can be used as search
algorithm. This search demands no additional knowledge as required in the search
algorithms starting in the uniform distributions as discussed in[ 23, 25, 50, 54]. This is
because the measurement of the target vertices has no longer to be performed precisely
at the localisation time which depends on the system size and the number of target

vertices but at any time larger than that.

As described in section 5.6 the lattice search has some similarities to systems with
crystalline structure and an experimental realisation using photonic crystals or solid

states seem possible.
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Some speculations about the effects causing the localisation at the target vertices are
outlined in the last chapter and investigated using numerical simulations. It was
assumed that increased backscattering leads to a better localisation at the target vertex
and decreases the time of the search. The result of the simulation was quite unexpected
and a detailed analysis would be necessary to understand the simulations. Furthermore
the simulations for other test coins showed that the choice for the coin ip is crucial for

the success of the search.

This thesis introduced a new model to investigate quantum search algorithms and found
some interesting new applications. Yet, there are many open questions that remain open

or are inspired by this thesis.

It is not a new but surely an interesting question for future research to gain more
understanding of how to design successful search algorithms. And how can the general
model of search algorithms be transferred to enable ef cient searches on a wider class of
graphs? Especially for the two dimensional lattice search a lot room for improvement
might be left as the algorithm localisesin T P N In N time and the optimal time for

guantum search algorithms scales like P N [23, 24].

So far, only periodic boundary conditions of the lattice have been considered. For nite
lattices without periodic boundary conditions the positions on the lattice are no longer
equivalent and it might matter if the target vertices are close to the boundary or near the
centre of the system. How will this change the search algorithm and the sender-receiver

model?

Even for the lattice with periodic boundary conditions it is unclear how well the sender
can distinguish between different numbers of receivers. In the model discussed in
section 5.3 no interaction between the localised state was assumed but results from

numerical simulations as presented in gure 5.5proved that the spatial con guration of
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sender and receivers does have an effect and different con gurations lead to variations

in the amplitudes at sender and receiver.

Fluctuations of the bond lengths for quantum random walks have been studied [ 13]
resulting in a critical disorder in the lengths at which the walk looses its quantum
speedup. Itis surely interesting to analyse how sensitive the search algorithm is to those

uctuation or to external noise.

Additional it is interesting to investigate how and if experimental applications of the
search algorithm will localise. A graph is a purely mathematical construction and the
bonds and vertices have zero width, so the question arises if a real lattice with a nonzero

bond width will also localise at a target vertex.

A different experimental application was discussed in section 5.6. It was speculated that
the search might be used to nd local perturbations in periodic systems like solid states
or laser induced lattices. Is it possible to send a signal from one perturbation to another

in these systems?

| am con dent that this thesis represents one step of gaining a better understanding of
guantum search algorithms and that at least some of this questions will be answered by

future research.
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APPENDIX A

Eigenvectors and eigenvalues of
the quantum walk on the

hypercube

The derivation of eigenvectors and eigenvalues in this appendix follows the discussion

by Moore and Russell presented in [56].

A.1 De nitions and notations

The quantum random walk is de ned by the two operators C and Sin (3.1.9 and (3.1.3
respectively. To analyse the quantum walk, the Fourier transformed position space

vector

1 o -
Ve = U %a( 1) jxi (A.1.1)
x
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is considered, where K is a vector containing d entries equal to O or 1. Let U be applied

to this state

Uv, =Ssu &ﬁa( 1) jxi (A.1.2)
x
=p—8aa( V¥jix ai ijsju, (A.1.3)
Ni:1x

where the operation  is the sum modulo 2 and g the unit vector in the ith dimension.

A reorganisation of the sum over x transforms this result to

d
qu=#%éé(1W”mmipj% (A.1.4)
i=1 %
) !
= éf DNjithijs  u v (A.1.5)
1=
= My U Vi (A.1.6)

where M, is de ned as the matrix operator acting on the coin space component only.

The factorisation according to ( A.1.1) simpli es the eigenvalue equation of U to N

eigenvalue equations, one for each of the M, 's, in the d-dimensional coin space, where

0 1
(p 2 1 (2 " (12
lkzg 1k2 2 1 . :
M, = (D% (D75 . (ALT)
: - : ( 1)kd 1%
( a2 . ( 12 (D2 1

To simplify the matrix, the basis can be reordered by a permutation matrix T, that shifts

the rows (columns) with k; = Oandk; = 1to tt’@ top (left) and bottom (right) respectively.

A B
The resultis a block matrix M = T, M, T, = % § where Aisa(d k) (d k)
C D
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matrix and D ak k matrix. The blocks are

0 1
2 2 2
a 1 a DR a
2 2 . .
22 g
A=R ¢ ¢ (A.1.8)
: . . 2
: . .2
2 2 2
a PR a a 1
0 1
2 2
2 .2
B= E T (A.1.9)
2 2
2 .2
0 1
2 2
d - d
C= a o (A.1.10)
2 2
d - d
0 1
2 2 2
atl a a
2 241
D= d d (A.1.11)
: . 2
: : 2
2 2 2
a DR a a + 1

Letjly «i andjOy «i be two vectors with d kentries equal to pﬁ and 0, respectively.
The vectors j1,i and jOxi are de ned analogously. These de nitions will be used to
compose vectors in the d-dimensional coin space by writing jah where jai isad k

vector that xesthe rst d kentries and jbi xes the remaining K entries.

Now the matrices A, B, C and D can be denoted as

A= g (d k) jld ki hld kj 14 « (A.1.12)
24 ———
B= a k(d k)jld kihlkj (A.1.13)
24 ———
C= 5 k(d KjLihly (A.1.14)
D= %kjlki hlgj+ 1. (A.1.15)
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A.2 Eigenvalues and eigenvectors

Any (d k)-dimensional vector jugq i orthogonal to j14 (i ful Is the equations
Ajug i = jug i and Cjuy (i = jOxi and therefore the composed vectorjuy Oki is

a 1l-eigenvector according to

Mijug Ok = jug O - (A.2.1)
Analogously, any k-dimensional vector juyi orthogonal to j1yi can be composed with
j04 «i to form a 1-eigenvector of M that is

M jOq kUi = jO4 KUk - (A.2.2)
Sofard 2eigenvectors with eigenvalue+ 1or 1have been identi ed. The remaining

2 eigenvectors are orthogonal to the eigenvectors determined above and are thus linear

combinations of j14 Ok and jOq 1«i. Let

Ve = ajly Ok + bjOy i (A.2.3)
then there are two distinct solutions for the coef cients aand b such that Vy is an
eigenvector of M. These solutions area = p'—i and b= p% since

2a 29 ——— :
Mv = a Fk+ q k(d K) jlg (O
q___
+ %a k(d k) 2—;)'(+ b jOg kL (A.2.4)
i 2%k 29— :
= plt 1 J k(d k) 114 KOkl
2 d
1 %k 29— :
tPs 1 EI k(d K Oy il (A.2.5)

Note that in the cases k = 0 or d one of these vector components contains zero entries.
Choosing the coef cient for the vector without entries equal to zero b= Oand a= Oare
regarded for k = 0and k = d, respectively. In these cases, normalisation requires an

additional factor P 2.
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The two eigenvalues of M have an absolute value 1 and are given as

: 2k 20—
v, =e k=1 9 d k(d k) (A.2.6)
and the eigenvectors are
jvi=aa (1 ﬂ%aki by ji, xi , (A.2.7)
i=1 %
where
8
3 1/ P if k=1
a = (A.2.8)
2 P
i d ok ifki=0
8
Epi, ifk=0ork=d
bk = (A.2.9)
2

1 otherwise

Since the set of eigenvectors and eigenvalues of U are identical to the eigenvectors
and eigenvalues of M, = T, MT, the eigenvalues of U are also eigenvalues of M as the
permutation matrix T, does not change the eigenvalues. The (d k 1) eigenvectors
with eigenvalue + 1andthe (k 1) eigenvectors with eigenvalue 1 of U are supported
in the vector components where k; = 0 and k; = 1 and orthogonal to the vectors
(1,1,..., J)T &k andk, respectively. The remaining two eigenvectors are, in the form

denoted in (A.2.7)-(A.2.9), invariant under the permutation de ned by T, .
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Theory of avoided crossings

Avoided crossings occur in perturbed quantum mechanical two-level systems. Since this

model is used to analyse the localisation process of the search algorithms in chapters 3

and 4, a more detailed introduction will be added.

B.1 The perturbed two level-system

In the basis of eigenstates, a two level system has the Hamiltonian
0 1

Ho = %El °§, (B.1.1)

0 B
where E; and E;, are the two eigenenergies. The eigenenergies depend on a parametér

and cross for some distinct value, say | = Owhereas E; 6 E, for | 6 0. Trivially, the

eigenvectors of H are

jvii = (1,07 (B.1.2)

jvoi = (0,17 . (B.1.3)

A sketch of the crossing is drawn in gure B.1
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Figure B.1: Sketch of an avoided crossing.

0

1

. . . . Wi1 Wi2

The perturbation W is de ned by a perturbation matrix W = , where the
W21 W22

matrix elements w;; are such that W is Hermitian, thatis wyj, wz2 2 R and wp; = wy,,

where denotes complex conjugation. Furthermore, the perturbation will be regarded

as small compared to the typical differences of the entries of Hy. The diagonal elements

of W can be neglected without loss of generality as they are only shifting the energy

levels E; and E; and can be added easily into the nal result by E; !

This de nes the Hamiltonian of the perturbed system as
1

Er wi
H=Hp+ W=
W12 E2
and the eigenvalues of the perturbed Hamiltonian are
-BE*&, D
2 2
Ei1+ B 9
2 2’

eZ:
q

E + w;.

(B.1.4)

(B.1.5)

(B.1.6)

where the difference in the energy levelsisdenedas D= (E;

the corresponding non-normalised eigenvectors are
- T
u} = (E1 Ex+ D,2wy)

.
W =(E1 E» D,2wp,)'.

E)? + 4jw12j2 and

(B.1.7)

(B.1.8)

Let ju;i and juoi be the normalised eigenvectors, then in the limit  jwqoj ! 0, the

eigenvectors of H approach those of Hg but how juii and ju,i approach jvii and jvyi
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depends onthe signof E; Eas

D jE Ejj. (B.1.9)

Hence, for E; Ep > 0O, jusi ! jvii and jusi ! jvoi, whereas on the other side of
the crossing, thatis for E; E, < 0, the identi cation of eigenvectors is the other way

around and juii ! jvoi and jusi ! jvii. Therefore the eigenvectors and eigenvalues
of H reorganise near the crossing and switch their limiting behaviour for  jl j I ¥
approaching now the other eigenvector and eigenvalue of Hg as can be seenin gure

B.1

B.2 Oscillations in the two level system

An interesting effect occurs when at | = 0the system is changed from Hgto H. If the

energy at the crossing is de ned as E; = E, = 0, the Hamiltonian H takes the form

0 1
0 wp
Hcrossing = % § (B.2.1)
wy;, 0
and its eigenvectors and eigenvalues are
eigenvect06 1 eigenvalue
- E eiw
uirossmg — p%% § JW]_Z]
1 , (B.2.2)
0 1
- E eiw
ugrossmg — p%% § jW12j
1

where w is the phase of wq».

If the system is initialised in one eigenstate of Hg, say in jvii when the perturbation is

turned on, the state will evolve in time as jv (t)i = e 'Heossing jy,i where i = 1 was
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chosen, and therefore

e W . i i
jV(t)I - pé e iHcrossingt u(irossmg ugrossmg (B.2.3)
e w iiw1oit crossingE iiwojt . Crossing
:4%5 e Mt y; et yJ (B.2.4)
= cos(jwigj t) jvai + € ™ B sin (jwagj t) jvai . (B.2.5)

It can be seen that the system oscillates between the two states jvii and jvai with

frequency jwqyj.

A more detailed discussion can be found in textbooks on quantum mechanics like [ 63].
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Eigenvectors and eigenvalues of
the quantum walk on the

d-dimensional lattice

The analysis in this appendix is based on the derivation of eigenvectors and eigenvalues

in [ 25] by Ambainis, Kempe and Rivosh.

Using the de nitions from section 4.1.2 the eigenvalue equation simpli esfrom U f, =
fo fy to s jui Xe =fpu X, »where f_ is the eigenvalue and s, = Ms is

a2d 2d matrix de ned using the local coin ip  s.

Let the basis vectors of the coin space ji i for i = 1...d be mapped on the canonical

basis vectorsjji, j = 1...2d such that

[ S ) B (C.0.2)
I 2 (C.0.2)
for | = 1...d. In this basis, M is block diagonal matrix consisting of d blocks M; =
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0 1

0 whk
% § , that is,

w Kk 0

0
M; O O
0 M, 0 ...

M = . (C.0.3)
0 0 Ms

Hence f, is an f.-eigenvector of U, if and only if jui is an eigenvector of s, with

eigenvalue f...

The set of eigenvectors, especially for arbitrary d, is hard to calculate although some
of them are easily veri ed. The analysis in appendix C.1 gives the complete set of

eigenvalues and discusses important properties of the eigenvectors.

C.1 Eigenvectors and eigenvalues

C.1.1  1l-eigenvectors of U.

Each of the blocks M; has the two eigenvalues 1 with corresponding eigenvectors
T

p% w2, w 2 . Therefore the matrix M has eigenvalues 1 with multiplicity d

N
x

each. Both eigenspaces can be reorganised such thatl 1 eigenvectors are orthogonal

E
to jsi leaving two non-orthogonal normalised eigenvectors, say W, L

Sinces, = M (2jsihsj 12q), the l-eigenvectors of M orthogonal to jsi are 1-
eigenvectors ofs,. Letthe d 1 eigenvectors of both eigenspaces be denoted asurk1 ,

where theindex j = 1,...,d 1 numbers the eigenvectors of each eigenspace.

In the case ofk = Dall 1-eigenvectors of M are orthogonal to jsi for the eigenvectors

of the d blocks are (1, 1)T. Again, the 1-eigenvectors of M can be reorganised such
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that d 1 of them are orthogonal to jsi. As jsi is a 1-eigenvector of M, the eigenvalues

of M are 1 with multiplicity d each.

The d 1 eigenvectors of M with eigenvalue 1 that are orthogonal to jsi are 1-
eigenvectors of sy while jsi is a 1-eigenvector of M and a 1-eigenvector of sg. The d
eigenvectors of M with eigenvalue 1 are orthogonal to jsi and therefore 1-eigenvectors
of sy. In this case the 1 eigenspace has dimensiord + 1 and there ared 1 dimensions

inthe 1 eigenspace.

Note that the 1-eigenvector of U dened as jfgi = jsi Xq is a state uniformly

distributed in coin and position space.

C.1.2 Remaining eigenvectors and eigenvalues for k6 Dof U

Let the two remaining eigenvectors of M for k & 0, that is, the linear combinations of
E E

1 1
and w
®

the eigenvectors of M that are not orthogonal to jsi, be w; . Sincejsi lies
in the plane spanned by these vectors, two coef cients a; and a, with jaij + jasj> = 1

E E E E

can be found such that jsi = a; W;:l + ap WT(l . Since W;l and W_kl are both

eigenvectors of the unitary matrix M for different eigenvalues and therefore orthogonal,

E E
the vector s’ = a, W;('l a; WT(l is orthogonal to jsi. Here denotes complex
conjugation.
E
In return the vectors w, 1 can be expanded according to
E R ED R E
wl = jsihs+ s° s w!? (C.1.1)
& ®
and
E E
w%l = ajsi+ay s’ (C.1.2)
E E
wk1 = ayjsi a; S (C.1.3)
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is obtained. Note that the vectors are still unde ned as s’ cannot be evaluated easily

for general d and k.

To obtain the eigenvalues, letjui = byjsi + b, s° be one of the two eigenvectors ofs,
not orthogonal to jsi with jbyj®+ jbyj> = 1. Now u? = b,jsi b, s’ isavectorin
the plane orthogonal to jui and

jsi = bqjui + by u’ (C.1.4)
E E

?

s’ = byjui by u? . (C.1.5)

Using these de nitions the eigenvalues can be determined. First s jui can be evaluated
by expanding jui in the eigenbases of s using jsi and s’ . Then M can be applied to
an expansion of s jui in the eigenbasis of M. One obtains
E E
Spjui = (atb;  ayhy) w;1 +( agby aby) w, o (C.1.6)

This vector is then transformed back into the jui, u? basis which yields

Sejui = jaij®  jagj®+ 4ilm (aza2bgby) jui
E

+  2a;a,b3 2ajabh? u? . (C.1.7)
Since jui was de ned as eigenvector of s,, the second term has to be zero, that is,
a,a,b3 + ajaph? = 0.

The real part of the eigenvalue jalj2 jagj2 can be calculated by noting that hsj s, jsi =

jaij?  japj? and hsj S isi = Hal, wh+w k = 159 cosZk . Therefore the two
eigenvectors of typejui have eigenvalues with identical real parts. Since the determinant

of s, is real, they have to be complex conjugated.

E _ _

Now the two eigenvalues of u,  can be identied as e "%, where Ree '% = cosq, =
D E

% a id: 1 cosz'JTki and the phase of the eigenvector is de ned such that sj U, is real and

greater zero.
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C.2 Calculation of the scalar product of the coin space

contributions with  jsi

As disgussed in prgvious sections M is a block diagonal matrix consisting of  d blocks

0 wk
wk 0

1
M; O O
0 M, 0 ...
M = , (C.2.1)

where w = 2P 1 [25].

A block diagonal matrix T with  TT = 1 de ned as
0 1

=
o
o
o

T=B0o 0 0 1 , (C.2.2)

o
o
[
o

can be used to perform a complex conjugation on M since the transformation TMT
resultsin M and, due to TsT = s, the transformation matrix has the same effect on s,

sinceTs, T = Sy -
Comparison of the eigenvalue equation in coin space.

+ 4 +
S Uy = e'% uy (C.2.3)
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and its complex conjugate

+ E i + E
= e '%
S U e u (C.2.4)
E , E
+ - qu
Ts, T u e u (C.2.5)
E
results in the relation T u; = u between these two eigenvectors of s, .
E D E

The phase of u;(' is de ned by choosing  sj u;(' to be real and greater zero. Sincgsi

is a 1-eigenvector of T,
sju’ = sj U, 2R (C.2.6)
is concluded.

The eigenvectors jevi of s, can easily be organised to be orthonormal and the identity

operator in coin space can be denoted as a sum of projectors on all eigenvectors
1oq= & jevihey. (C.2.7)
jev
By multiplication with  jsi from both sides, and using that all 1-eigenvectors are

orthogonal to jsi [25]
(C.2.8)

is obtained.

Using (C.2.6), the promised result  sj u = p%is derived.
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