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Abstract

This thesis defines closed finite-dimensional quantum systems that contain complex
transitions between states as complex quantum networks, and theoretically investigates
quantum dynamics on those systems, as well as presenting a method to experimentally
simulate such quantum dynamics using systems under a periodic drive. First, from the
perspective of quantum computation, whether complex quantum networks are useful to
implement quantum spatial search algorithms is investigated. Specifically, the continuous-
time spatial search algorithm using a tight-binding Hamiltonian is analyzed, where the
correlation between the structural characteristics of the Hamiltonian and the time evo-
lution of the search algorithm is investigated. In addition, to experimentally simulate
the time evolution generated by the tight-binding Hamiltonian holding complex network
structure, a method using an array of optical waveguides or a many-body quantum spins
system is proposed. In particular, the thesis shows that complex quantum networks ap-
pear in the effective Floquet Hamiltonian of periodically driven systems. The following

paragraphs are the outline of each Chapter of the thesis.

In Chapter 1, namely the Introduction, the background of the research and the sig-
nificance of the thesis are described. Recent developments in the technology of quantum
engineering and control have made it possible to manipulate single qubits such as single
atoms, ions, and superconducting qubits with high precision, as well as allowing to control
interactions between individual qubits to create artificial many-body systems. Such tech-
nology is indispensable for the realization of quantum computers or quantum simulators,
and thus the method to engineer a high-dimensional quantum many-body system while
controlling it with high fidelity has become an important issue. Thanks to these tech-
nologies, there is a growing interest on engineering and investigating quantum systems
that are beyond simple lattice or regular structures, such as structures with random-
ness and long-range interactions. Such systems are called complex quantum networks,
and some research areas to explore novel physical phenomena in these systems or ex-

ploring the application of these systems to quantum information processing tasks have



opened up. On this background, this thesis analyzes the usefulness of complex quantum
networks for the quantum search algorithm, which is one of the most fundamental and
important quantum information processing tasks. The quantum search algorithm is an
algorithm intended to run on quantum processors, that detects a marked state among N
states by time-evolving a single particle on the N dimensional Hilbert space. This thesis
analyzes the time evolution of the quantum search algorithm on two specific models of
complex networks and derives the time complexity of the algorithm. The analysis leads
to providing new perspective to understand quantum dynamics on complex structures.
In addition, the thesis proposes a method to experimentally simulate the dynamics on
complex quantum networks with current technologies available in the labs. By using a
coupled optical waveguide system or a many-body spin system subject to periodic drive
(constraint by a time-periodic Hamiltonian), the thesis shows that an effective Floquet
Hamiltonian having complex network structure can be derived.

Chapter 2 summarizes the preliminaries on quantum mechanics and graph theory,
which will be necessary to explain the analysis and results in this thesis. A closed, finite-
dimensional quantum systems are featured, where some Hamiltonian systems including
the tight-binding Hamiltonian, many-body spin Hamiltonians, and time-periodic Hamil-
tonians are introduced. Graph theory and complex network science are outlined in the
later part of the chapter, with descriptions of general methods of analyzing complex net-
works. Finally, the introduced quantum systems and network science are combined, which
makes the discussion of this thesis unique.

Chapter 3 puts together the main results of the thesis. This chapter investigates the
quantum spatial search algorithm on complex quantum networks. First, an introduction
on the unstructured search problem and the Grover’s algorithm that solves such problem
is provided. Next the spatial search algorithm is introduced, which uses a tight-binding
Hamiltonian for the construction of the algorithm. The tight-binding Hamiltonian is a
type of Hamiltonian that generates a continuous-time evolution where a single particle
hops between the states on the Hilbert space. The specific Hamiltonians treated in this
thesis are conditioned to satisfy the small-world property or the scale-free property de-
fined in the context of complex network science. When the matrix representation of the
Hamiltonian contains a large number non-zero off-diagonal entries, this corresponds to
the small-world property. When the sum of each row of the Hamiltonian matrix satisfies

a power law distribution, this corresponds to the scale-free property. To derive the time
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complexity of the search algorithm using such Hamiltonians, the eigenstates and eigen-
values of the matrices are mainly analyzed using numerical calculation. The correlation
between the time evolution of the search algorithm and the structure of the Hamiltonian
can be investigated from this analysis. The obtained results tells us that in the case
of the Hamiltonian holding the small-world property, when the amount of non-zero off-
diagonal matrix elements exceeds a threshold, the efficiency where the particle diffuses
and interfere with itself significantly increases, leading to the availability of a fast search
algorithm. From the other case where the Hamiltonian holds the scale-free property, it
was discovered that the time complexity of the search algorithm has a strong correlation
with the closeness centrality of the underlying scale-free network. These results suggest
that complex quantum networks holding the small-world property are particularly useful
for quantum search algorithms. In addition, the analysis using the scale-free complex
quantum networks revealed a new property of the quantum search algorithm.

Chapter 4 proposes and theoretically investigates a method to simulate quantum dy-
namics in complex quantum networks using time-periodic Floquet systems. First a system
where optical waveguides are evanescently coupled to each other in a linear chain, with
a single photon or two-photon state input is considered. The optical waveguides are pe-
riodically modulated with respect to the propagation direction, such that the coupling
constant between the waveguides changes periodically during the propagation of the pho-
tons. The Floquet theory is used to derive the effective time-independent Hamiltonian
of the single period of the modulation. The obtained effective Hamiltonian matrix con-
tains non-zero off-diagonal entries which matches with the properties of random graphs.
Additionally, towards the actual experimental implementation, a photonic system that
generates single-photon and two-photon states with high-efficiency is proposed. As the
second type of physical system, a many-body spin system under the time-crystalline
phase is considered. Here, the time-crystalline phase refers to a non-equilibrium steady
state where the spin-1/2 many-body localized Ising chain is time-periodically subject to a
transversal magnetic field. After properly adjusting the strength of the transversal mag-
netic field, the effective Hamiltonian is derived using the Floquet theory, which results to
a Hamiltonian matrix satisfying the scale-free property. These analysis shows that quan-
tum dynamics on complex quantum networks can be simulated using quantum systems
under time-periodic drives.

Chapter 5 is the summary and conclusions of the thesis.
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Chapter 1

Introduction

1.1 Introduction

The technology to engineer and manipulate quantum systems is progressing rapidly. In
2019, Google has announced an achievement of quantum supremacy by developing a
54-qubit (53 of them functioning) quantum processor using superconducting circuits [].
This means that they can control 53 quantum bits (i.e. 53 artificially created two level
systems) individually, create interactions among them, and read out their states with high
precision. This is a surprisingly high level of technological achievement, and represents the
current level of quantum technology modern humanity can access. Considering the fragile
nature of quantum systems and the unwanted crosstalk between individual qubits [2], it is
not hard to imagine how much the experimentalists have struggled to achieve the result.

Historically, control of quantum systems were done on collective, ensemble systems. A
typical experiment is the observation of nuclear magnetic resonance (NMR) [B]. NMR is a
phenomena where nuclei of an atom or molecule responds to the magnetic field applied on
the system. Early experiments were conducted using liquid state molecules [4, 5], where
thousands of molecules are contained in the system. Collective phenomena is observed
from such ensemble system, and the ability to control the interaction between the nuclei
is limited. A better degree of control on the individual nuclei is possible in solid state
systems such as the nitrogen vacancy center [6], since the atoms are fixed in certain
positions up to phononic vibrations. However, if one is aiming to use these systems as
quantum computational purposes, the limitation on the controllability of the interaction

as well as the decoherence effect due to the collective phenomena is the bottleneck.
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A quantum system promising for quantum simulation and computation purposes were
developed thanks to the invention of methods to trap charged molecules in space using
electric fields. Such systems are called as ion trapped systems, and the quadrupole trap-
ping method known as the Paul trap [{7] is one of the most commonly used method in
the current quantum simulation platform. Ions can be isolated in space, which allows one
to read out the spin state of a single ion. The ability is not limited to merely isolation,
but the dipole interactions between ions can be controlled as well, and the time evolution
of the spin states can be precisely driven by the external magnetic field [R]. The great
stability and controllability led to intriguing quantum simulation experiments [9].

We can say that now the quantum technology has entered the era where one can
control single qubits and many-body system composed of tens of qubits with a very high
precision. The ultimate goal is to scale up the number of qubits up to order of millions or
billions. Such level of technology is necessary in order to build a fault-tolerant quantum
computer. Additionally, one is getting more freedom on how to interact the qubits, which
can beyond nearest neighbour or lattice structures. This includes distance dependent
long-range interaction [9], or coupling several qubits non-trivially by placing them in a
random manner [10]. With such examples, we are able to create a network of qubits.

However, why would creating a quantum matter beyond regular structures be inter-
esting? Since quantum error correction and quantum computation can be in principle
achieved with an isolated two-dimensional lattice structure of qubits [I1], why do we even
need to care about network structures?

The motivation to think about networks can be stimulated by looking at various clas-
sical systems around us. For example, consider the power grid, which is an interconnected
system to deliver electricity from the power plants to consumers. After the electricity is
produced at the power plant, it goes through a series of stations and finally gets down
to houses. This is one type of network, when we think of the power plants, stations and
houses as elements, and treat the transmission lines as the links (interaction) between
the elements. The structure of the network is not a lattice-like structure, and it must be
in a pretty complex, cascading structure where the power plants are in the center of the
network while the houses are at the endpoints. Such complex structured network is built
in this way since the delivery can be efficient [12], as well as robust to certain failure of
stations or transmission lines [I3].

The power grid is just one example of complex networks. There are numerous com-
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plex structured networks around us, including social, technological or biological systems.
Some instances are the Internet, World Wide Web, transportation system such as airline
networks, protein-protein interaction network, etc. A well established field that map these
real-world systems as networks to analyze their structural properties is known as complex
network science. A seminal paper in this field discovered that many instances of these
real-world network share a common property called as the scale-free property. The scale-
free property is defined by the degree distribution of the network (i.e. distribution of the
number of neighbours of each node) following the power law function P(k) oc k=7, 8 > 0.
This means that few hub nodes have large number of neighbours, while most other nodes
have small number of neighbours. The power stations corresponds to the hub nodes in
the previous example. Complex network science has been also successful on analyzing
different types of dynamics on networks, such as random walks, spreading of disease or
spreading of information [I4-17].

Now one may ask whether there are any complex quantum networks. We shall define
a quantum network as a quantum system (either open or closed) which consists of a set
of discrete elements defined in a quantum regime (e.g. qubits, basis states, quantum
repeaters, or any subspace of the system) and a set of relations between the elements
(e.g. qubit-qubit interaction, transition between states, communication channels, or any
relation between the subspaces). A complex quantum network is a quantum network whose
relation between elements are beyond regular structures, such as containing randomness
or scale-free property, and so on. Can we find in the nature, or engineer any kind of
complex quantum network? If we engineer a quantum system in a complex network
structure, is it robust to failures? Can quantum information efficiently be delivered on a
complex network?

So far, to the best of our knowledge, a large scale complex quantum network has
not been found in the nature, or at least no natural quantum system has been treated
as a large-scale complex network. Although, there is a growing interest in engineering
complex quantum networks or discovering ideas to utilize them for quantum information
processing tasks, both theoretically and experimentally. Some example of the theoreti-
cal work involved constructing computational algorithms such as a community detection
algorithm [I8] or a quantum version of the PageRank algorithm [19]. Closed quantum
dynamics are also explored on certain types of complex networks [20, 21], as well as

entanglement routing problem on complex networks [22]. Research in the direction of
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engineering complex quantum networks includes systems using photonic waveguides [23],
coupled nitrogen vacancy centers [I], and periodically driven systems [24]. Another in-
teresting observation is the high efficiency energy transport happening in photosynthetic
systems [25]. This system is a small network composed of 14 chlorophylls where each
of them can be treated as a two level system. The chlorophylls are interacting to each
other, allowing transfer of excitation created from the energy absorbed from the incident
photon. Although the system typically lives at room temperature, it has been shown
that quantum nature is responsible for the energy transfer due to the high energy scale
of photons. An even more surprising observation is that the energy transfer is enhanced
by the existence of phononic environmental noise.

This thesis aims to contribute to understand coherent dynamics on complex quantum
networks, as well as discussing some methods to simulate such dynamics on quantum
systems that are accessible with current technology. Specifically, we consider single par-
ticle quantum walks and quantum spatial search algorithm on two examples of complex
network models. Quantum walks, known as the quantum analog of random walks, is es-
sentially a time evolution of quantum particles hopping around the nodes of a network. As
quantum particles are allow to form superposition states, quantum walks have been often
used to construct quantum algorithms. One application of quantum walk is the spatial
search algorithm, where one aims to search for a marked node in the network [26]. We
especially consider the spatial search algorithm which uses the continuous-time evolution
obeying the Schrodinger’s equation, constrained by a tight-binding Hamiltonian where a
network structure is imprinted in it. We examine this spatial search algorithm on network
models known as the long-range percolation model and the Bollobas scale-free network.
The former has a small-world property while the latter has a scale-free property, which
are both crucially important features that appear in real-world complex networks. To
the best of our knowledge, the spatial search algorithm has been never analyzed on these
class of complex networks. The thesis provides a novel insight whether complex quantum
networks are useful for spatial search algorithm, by investigating the correlation between
the network’s property and the time complexity of the spatial search algorithm.

The thesis also proposes and investigates a method to simulate the closed quantum
dynamics on complex quantum networks, using periodically driven systems available with
current experimental technologies. Instead of considering to create complex interactions

between qubits, we rather focus on the transitions between basis states spanning the
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Hilbert space. We introduce a simple idea to view arbitrary finite-dimensional Hailto-
nians as adjacency matrices of networks. Based on this idea, first we consider a system
consists of an array of coupled optical waveguides. We show that although the waveg-
uides are nearest-neighbour coupled spatially in a one-dimensional line, when the coupling
constants are periodically modulated one can obtain a effective time-independent Hamil-
tonian showing a random graph-like complex network structure. Secondly we consider
a many body spin system in a time-crystalline phase. We show that the transitions be-
tween the many body states satisfies the scale-free property when a small imperfection is
introduced in the system.

This thesis contributes towards exploration of quantum dynamics and quantum al-
gorithmic application of complex structured quantum systems, as well as presenting a
method to simulate those dynamics effectively using periodically driven systems.

The rest of the thesis is structured as follows. Chapter 2 summarizes the preliminaries
of quantum mechanics and graph (network) theory which will be necessary to explain
the results presented in the later chapters. The idea of interpreting arbitrary finite-
dimensional Hamiltonians as networks is also introduced here. Chapter 3 puts together
the analysis of the quantum walk and spatial search algorithm on complex networks. We
start by reviewing the literature of spatial search algorithms, clarify the aim of the thesis,
and present the results. Chapter 4 discusses the method to simulate quantum dynamics
on complex quantum networks using periodically driven systems. Chapter 5 is the overall

summary of the thesis.



Chapter 2

From Quantum mechanics to

complex networks

2.1 Quantum systems, quantum states and linear op-

erators

A quantum system is a space or set of objects which obey the laws of quantum mechanics.
Basic examples can be electron systems, atomic systems, or photonic systems. Typically, a
quantum system is not defined on the object itself, but rather defined on certain degrees
of freedom of the object; e.g. position and momentum of an electron, spin degrees of
freedom of a bound electron, energy levels (orbits of electrons) of an atom, number and
frequency of photons, etc. One usually focuses on certain degrees of freedom of the object
to restrict the space where to consider its dynamics or property, which allows the problem
to be tracktable. This restriction defines the property of the space where the quantum
system is defined.

The space defining the quantum system is a complete, complex inner product space,
which is known as the Hilbert space. This is a complex vector space, where any complex
vector defined on such space corresponds to a state of the quantum system. A state
represents the values of the degrees of freedom of the quantum system in the form of
complex state vector.

From now on, let us introduce a mathematical formulation of quantum systems. Here
we consider a N-dimensional (finite dimensional) Hilbert space H. This is a complex

vector space CV, which means that the space is spanned by N mutually orthogonal
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vectors, and the linear combination of the vectors is written using complex, continuous
value coefficients. Specifically we write the state, or the vector defined on H, using the

Dirac notation such as [¢). This is the ket vector

[¥) = (a1, az,...,an)" (2.1)

where each component a; € C is the complex, continuous value coefficient of each degrees

of freedom. A bra vector is defined as

(@] = (b1, ba, ..., by), (2.2)

and the inner product of two vectors |¢)) and |¢) can be written using the bra and ket

vector such as?®

(pl) = Zaibi. (2.3)

The complex conjugate of a ket vector |¢)) can be represented by a bra vector as

<¢| = (aiva;"'wa}(\i)? (24)

and the norm of |¢) is defined as

191l = V{¥l) =

(2.5)

The normalization condition of a vector is va la;|? = 1.
In Eq. (20), we have defined the state vector as a N x 1 matrix form. However, the

state vector can be also written as follows using set of orthonormal basis states, such as

) = aili). (2.6)

As the Hilbert space is defined as a vector space, the entire space can be spanned by
choosing a certain set of N basis states {|1),...,[i),...,|N)}. They are mutually orthog-

onal and normalized such that (i|j) = d;;. This gives the N x 1 matrix form of the basis

'We represent the complex conjugate of a complex number using the superscript #, such that when
z = x + 1y, its complex conjugate is z* = x — iy.
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state |7) to be
iy = (0,...,1,...,0)%, (2.7)

where the entries are all zero except for the i-th entry. Eq. (Z8) means that the vector
|Y) is written as the linear combination or the superposition of the basis states. Such
representation is useful to clarify which set of basis states one is using to write down the
state.

A linear operator on the Hilbert space can be represented using two vectors |¢), |¢) €
H, as |¢)(1|. The linear operator is defined as the transformation acting on an arbitrary

state |x) € H,
[9)(Dl1x) = (WIx)e) € H. (2.8)

|p) (1] maps a state |x) to another state which is a vector |¢) multiplied by the inner
product (¢|x). The matrix form of |¢) (1| is

bla’{ bla?\,
o) (Y] = Lo . (2.9)

bNaT Ce bNCZ}KV

As further introduction will follow in the later sections, physical quantities (observables),

unitary operators or projectors will be represented by such linear operators.

2.2 Observables and measurements

In the previous section we have defined how a quantum system and its states are repre-
sented, as well as introducing a basic notation of the transformation of the states. While
states mathematically describes how the physical object exists, in order for us to learn
something from the system, we need to make a measurement on an observable of the
quantum system. An observable A € H is defined as an Hermitian operator on H. An
Hermitian operator is an operator satisfying A = Af. The measurement outcome of the
observable A is given by its eigenvalues A\. The Hermite property of A gives the condition
that all eigenvalues A are real, which is an important assumption for the observable to
be physically achievable. When the dimension of A is N, there will be N — [ possible
outcomes where [ is the number of degeneracy in the eigenvalues. The outcome will be

determined by the Born rule, such that when the observable A is measured while the state



2.3. HAMILTONIAN AND THE TIME EVOLUTION OPERATOR

of the system is |¢), the probability that the outcome x being A is given by

Pr(z = A [¢)) = (¢|PA[). (2.10)

Here, P, is the projector (projection operator) to eigenvalue A of A. The projector has
the property Py = P;\r = P} and the completeness > Aea(A) P\, =1.

When the eigenvalue A\ of A has degeneracy of [, the corresponding eigenspace has
dimension /. Therefore, one can take [ orthonormal eigenbasis {|\;)}._, and write the
projection on this eigenspace as Py = S\_, |\;)(\i|. Using this, Eq. (220) will be

1
Pr(z = X[ ) =D [(Af) . (2.11)

i=1

When A has no degeneracy, Eq. (Z210) will be reduced to

Pr(z = A | 1) = (@A) (Ailv) = [l ), (2.12)

which is the basis measurement, in the basis of the eigenspace of observable A. The

eigenvalue decomposition of A is given by
N
A=Y AR (213)
i=1

2.3 Hamiltonian and the time evolution operator

Now we consider a specific type of transformation on H, which is the time evolution.
A continuous time evolution is generated by the Hamiltonian H € H defined on the
quantum system. H is an Hermitian operator which constrains the energy of the system,
and is an observable whose outcome is the energy of the quantum system. The eigenvalue

decomposition can be written as
N
H =) E|E)(E], (2.14)
i=1

where the eigenvalues E; are especially called as the energy, and | E;) are especially called

as the energy eigenstate. Some examples of Hamiltonian systems will be introduced in
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the latter section.

A closed quantum system®? time-evolves according to the Schordinger’s equation

m—w( ) = H[o(t)), (2.15)

where [1(t)) is the state at time ¢, H is the Hamiltonian and £ is the Planck constant.
h = 6.626 x 10734 /27 [J - 5] is a tiny quantity compared to the scale we care about in our
daily life, though is an important quantity that determines the typical scale where the
quantum effects appear. When H is time-independent (i.e. does not change it’s form or

parameters in time), one can solve the Schordinger’s equation to obtain

[¥(t)) = exp(—iHt/h)[4(0)), (2.16)
and define the time evolution operator
U(t;0) = exp(—iHt/h). (2.17)

The time evolution of the state from time 0 to time ¢ can be simply written as |1)(t)) =
U(t;0)]1(0)). This is an unitary transformation of the state vector and U(t;0) is an
unitary operator, where the length of the vector is preserved at all times, (¢(¢)|0(t)) =

An operator U is unitary when UTU = UUT = I is satisfied. Applying an unitary
operator on a set of orthonormal basis states {|¢;)}¥, defines a new set of orthonormal
basis states {U|¢;) }Y,. The orthonormality of {U|¢;)}¥, can be straightforwardly shown
as (¢;|UTU| o) = <¢i|¢j> = 0,j, given that U is unitary.

It is important to know that U(t;0) and H share the same set of eigenvectors {|F;) } Y,
such that

U(t;0) = exp(—iHt/h) = exp (—it/hz Ei|Ei>(Ei|> (2.18)

=1

Mz

exp(—iEit/h)|E;)(E;. (2.19)

i=1

We could bring Zfil |E;)(E;| off the shoulder of the matrix exponential since it is a

2We defined a closed system as a quantum system whose Hamiltonian H, describes the full dynam-
ics, and assume there exists no (or omit) interaction with a bath, which can be described by a bath
Hamiltonian Hy.

10
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diagonal matrix. The eigenvalues of U, which is \; = exp(—iFE;t/h) lies on the unit cycle

in the complex plane.

2.4 Time-periodic Hamiltonians and effective Hamil-

tonians

Solving the Schrodinger’s equation when the Hamiltonian H was time-independent was
straightforward in the previous section. Now we consider the case of a time-dependent
Hamiltonian H(t). We will especially focus on an instance where H(t) is time-periodic
with a period of T' = 27 /w, such that H(t+7) = H(t). For example, imagine a parameter
in the Hamiltonian is a time-periodic function f(t), illustrated in the left side of Figure 2.
Such time-periodic systems are sometimes called as driven systems. There are different
techniques to solve the Schrodinger’s equation in such situation for specific systems, such
as the rotating wave approximation for atom-light interaction systems, but here we focus

on a general approach using Floquet theory.

£ r ; He, ()
\/ t
S
Héeff
-—=0—> t

of N\ T

to

o~ ¥

2T

o+
(=}

+

hﬂ

T

Figure 2.1: The schematic picture of periodic drive and Floquet theory. f(t) represents the time-periodic
parameter in a Hamiltonian, whose periodicity is f(t +T) = f(t). Here we use Floquet theory in the
context of integrating the time-dependent Hamiltonian of the single period of the drive Hy,(t), and
obtaining the effective time-independent Hamiltonian Hteoff

The essence of the Floquet theory is to view the time-dependent systems at periodic
times so that the time evolution becomes effectively a time evolution generated by a

time-independent Hamiltonian. The core lies in the definition of the Floquet operator,

F = U(T:0) = Texp (—z' /O ' H(T)dr/h) | (2.20)

11
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This is the unitary time evolution operator U(T';0) with a duration of one period, from
time t = 0 to t =T. The symbol T is the time ordering operator. Such time ordering is
necessary when the Hamiltonian at each time do not commute, such as [H(t;), H(t2)] =
H(t1)H (t2) — H(te)H(t1) # 0. Importantly, once we obtain U(T;0), the time evolved
state at periodic times nT', where n = 0,1,2,..., can be obtained from n multiplication
of U(T;0) such as

[¥(nT)) = U(nT;0)|4(0)) = [U(T;0)]"[4(0)). (2.21)

In the process of obtaining U(7’;0), we integrated the action of H(t) within one period
which averaged the detail of the action within the period. Also, one can straightforwardly

shift the time duration (i.e. phase) of the integral by ¢ty < 7" and get

Uty + T 1) = T exp (-z / o H(T)df/n) | (2.22)

to

Note that U(to+T;tp) and U(7';0) will have different values in their matrix entries when
the Hamiltonians at two times do not commute, [H(0), H(to)] # 0. Although, the Floquet

operators at different phases can be related by
Ulto + T;to) = Ulto; 0)U(T; 0)U" (20, 0), (2.23)

which is equivalent to rotating the basis to write the unitary operator of one period.
To express the time evolved state at arbitrary time ¢, we need to explicitly include the

dynamics contributing from the time duration within the period, such as
[G(8) = U(t — to — 0Tty + nT)Ulty + Tsto) "Vt O)[6(0)).  (2:24)

The operators on both sides of [U(ty + T';tp)]" is called as the micromotion or the kick
operator.
The Floquet operator F can be diagonalized and we can define a set of effective energy

eigenvalues and eigenstates. We write the eigenvalue decomposition as

F = exp(=i\T/h)| A\, (2.25)

=1

12



2.5. QUBIT SYSTEM

where in this case |\;) is commonly called as Floquet states and J; is called as quasi ener-
gies. The term quasi emphasizes that these eigenvalues are not actual physical energies,
since the energy of the time-depending Hamiltonian may be not fixed at each instanta-
neous times. The quasi energies are bounded by —hw/2 < \; < hw/2, and the quasi
energies does not change with respect to the phase shift by ¢y defined in Eq. (2222).

An effective Hamiltonian H® of one period (or n periods) can be defined as a Hermi-

tian operator satisfying the following equation,
F =U(T;0) = exp(—iH""T/h). (2.26)

This is an interpretation of the Floquet operator that the time evolution over one period
T is generated by an effective time-independent Hamiltonian (see the right side of Figure
20). F and H°T share the same Floquet states |\;) as the eigenstates, the quasi energies
\; are the eigenvalues of H*®. From Eq. (E223), we can get a phase shifted effective
Hamiltonian by,

H™ = U(to; 0)HS"U (20, 0), (2.27)

The effective Hamiltonian can be conventionally obtained by taking the matrix logarithm

of the Floquet operator, .
et = P log(F). (2.28)

T

Although the perspective of the effective Hamiltonian only tells us the dynamics or
properties of the system at stroboscopic times of T', 2T, 3T, . .., the effective Hamiltonian
and it’s eigenvalue decomposition tells us important and intuitive understanding of the
system in many cases. A comprehensive review on periodically driven systems and Floquet

theory can be found in [27].

2.5 Qubit system

Here we introduce the qubit system and its time evolution. A qubit system (or qubit)
is a quantum system defined on a two-dimensional Hilbert space, H2. This is a two-

dimensional complex vector space C2. We define the orthonormal basis of a qubit as

1 0
|o>=(0>,|1>=(1> (2:20)



2.5. QUBIT SYSTEM

and write the state of the qubit system as
[¥) = al0) + B[1), af* +]8]> = 1. (2.30)

The basis states |0), |1) are often called as the computational basis. As a physical example,
a spin up and spin down states of a spin-1/2 particle {| 1), | J)} can form a computational
basis of the qubit. Another example is the polarization state of a single photon |H), |V,
where H and V stands for horizontal and vertical polarization. The measurement of
the qubit |¢) in the basis {|0),|1)} gives the output 0 with probability |a|?, and 1 with
probability |3]2. The equally balanced superpositon states of the computational basis

1

V2

with relative phases ¢ = 0 or ¢ = 7 are often defined as the plus and minus states

¥) (10) +€e[1)) (2.31)

1 1 1
)=z 0+ 1) = 7 ( 1 ) (2:32)

1 1 1
-) = —2(|0> - 1) = 7 ( 1 ) : (2.33)

for convenience.

A state of a qubit can be geometrically and intuitively represented using the Bloch
vector. Any qubit state can be represented using two real parameters 0 < ¢ < 7 and
0< ¢ <2mas

1) = cos (0/2)]0) + €' sin (0/2)[1). (2.34)

Such Bloch vector can be visualized as a vector pointing on the surface of a three dimen-
sional unit sphere. In the polar coordinates, an arbitrary point on the surface of the unit
sphere can be represented using the parameters 6, ¢ as in Figure 222 The unit sphere in
this context is called as the Bloch sphere.

As we have defined the representation of the state vector of a qubit, we shall consider
its unitary time evolution and some especially important unitary transformations on the

system. We define four unitary operators including the identity and the three Pauli x, y

14
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10y — i|1)/V2

10)]
9 |_)
10y + il1)H/V2

|+)
X

Figure 2.2: The Bloch sphere and Bloch vector representation of a qubit.

»
»

1)

and z operators (or matrices) o®, 0¥, o”.

(2.35)

(2.36)

(2.37)

(2.38)

The three Pauli operators satisfy 00" = 0¥%0Y = 0*0* = I, and the commutation relation

(0%, 0Y] = 2i0*, [0Y,0%] = 2i0", [0%,0"] = 2icY. The computational basis {|0),|1)} are

the two eigenstates of o with eigenvalues +1, and the plus and minus states {|+),|—)}

are the two eigenstates of ¢* with eigenvalues +1.

Let us consider the unitary time evolution operator generated by the Pauli matrices.

Assume that the Hamiltonian of the system is described as H = hwo* /2, where k = z,y, 2.

15
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The time evolution operator can be written as,

U — —itH/h _ g—iwtok /2 (2.39)
iwt 1/ dwt N> 1/ iwt . \°
) SR P I (i Sl 2.4
—i—( 20)—1—2!( 20)—1—3!( 20>+ (2.40)
iwt 1/ iwt)? 1/ dwt)®
S VI k) [ A ey (et I R (il B IR 2.41
+( 2)U+2!( 2) +3!( 2)U+ (2:41)
= cos (wt/2)1 — isin (wt/2)o". (2.42)

Here we used that the Pauli matrices are unitary (0*)? = I, and the series expansion of
sine and cosine functions. The above transformation corresponds to the rotation of the
Bloch vector around the axis k£ with an angle of wt. Note that any Hamiltonian of a qubit
system can be written, and thus any rotation of the Bloch vector can be generated, in the
form H = all + bo® + co¥ + do?.

Another important unitary operator in the context of quantum computation is the

Hadamard operator,

1, . .1 (11

When the Hadamard operator is applied on the computational basis states, an equally

balanced superpostion state,

1 1

V2 V2

is generated. Such states are often used as the initial state of quantum algorithms.

Unl0) = —=(10) + 1)),  Unll) = —(|0) — 1)) (2.44)

As the final part of this section, we define a composite system of qubits. When
the quantum system is composed of n qubits which are labeled as » = 1,2,... ,n, the
whole Hilbert space is constructed by the tensor product of individual qubits, such as
Ci®Ci®---®C?% = C?". The dimension of the whole Hilbert space is 2. The orthonormal
basis state are constructed from the tensor product of the computational basis states,
such as {|b1) ® |b2) ® - - - & |bn) }by . bu=01. Note that the dimension of the system explodes
exponentially as the number of qubits increases. This limits us the ability to simulate
full quantum dynamics (i.e. follow the dynamics of all 2" complex amplitudes) using a

classical computer. The full information of the system, or the unitary matrices cannot be

16
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even fully stored in the computational memory as the system gets larger.
Let us consider the case of a two qubit system to show some examples. The system is

spanned by 22 = 4 basis states,

01)[02) = 100 [12) = o 111)]02) = 1) |1e) =

o O O =
o O = O
o = O O
_ o O O

(2.45)
Hereafter we omit to explicitly write the tensor product operation ®. Operators on such
system has to be a 2% x 22 matrix, which can be for example created from the tensor

product of Pauli matrices,

0 0 01

(01 0 1 0010
oloy = ® = (2.46)

10 10 0100

1 0 00

This means both qubits 1 and 2 are flipped around the x axis. For example, 005 |01)|02) =
|1:)|12). This is a two qubit operation. When we want to flip only one spin (i.e. non-
trivially transform the subsystem), the untouched spin also has to be applied by the
identity operator. The resulting operator is a tensor product o{l,, though in most cases

we will omit to write the identity operator such as

0010

i (o1 10 000 1
oihy =0] = ® = (2.47)

10 0 1 1 000

0100

With this operation, only the first spin is flipped such as 07|01)|02) = |11)|02). This is a
single qubit operation.
When the Hilbert space is composed of two or more qubits, and important concept

called as the entanglement comes in®. Entanglement is defined on states of the system.

3 Although the comprehensive discussion of entanglement has to be done using density matrices of
quantum states, here we only consider entanglement of pure states for a brief discussion.

17
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A quantum state is described to be entangled when the state cannot be decomposed into
tensor products of single qubit states. When the state can be otherwise decomposed, such
state is described as separable states. For example, the two qubit Bell state as follows is

an entangled state.
1

V2

while a state as follows is an example of separable state.

) (101)]02) + [11)[12)), (2.48)

1 1

V2 V2

Entanglement, which can be quantitatively evaluated using measures such as von Neu-

|¢>:%(|01>|02>+|01>!12>+|11>|02>+|11>|12>)= (100)+111)) © —=(102) +[12)). (2.49)

mann entropy, is a result of interactions between two subsystems. The interactions that
generates entanglement between qubits can be only induced from operators that are not
separable into single qubit operators (if the states are initially separable). For example,
unitary operations in Eq. (248) or (241) cannot entangle a two qubit state, as they are
tensor products of single qubit operations. An non-separable unitary operator such as the
Controlled-NOT gate,

(2.50)

0
0
Crot = 0
1

o O O =
o O = O
o = O O

can generate entanglement between qubits. This is a fundamental and important two
qubit operator for quantum computation, which induces interaction between qubits. In-
dicated from its name, this operator applies a NOT operation (i.e. bit flip) on the second
qubit, controlled by the state of the first qubit. The second qubit is flipped only if the first
qubit is in the |1;) state. We can show that the Controlled-NOT gate creates a entangled
state from a simple example:

1

1
50+ |11>>|02>) = 5 09105) + [L)f1a)). (251

The sequence of operations CnorUpgy is sometimes referred as the two qubit entangling

Crot (Ug1/|01)]02)) = Cnor (

gate.

18
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2.6 Examples of Hamiltonian systems

In this section, some examples of quantum systems governed by Hamiltonians are intro-

duced, which includes the tight-binding model and spin chain models.

2.6.1 The tight-binding Hamiltonian

The tight-binding Hamiltonian describes the quantum system as a single particle hopping
between discrete sites. The physics behind this Hamiltonian is the tight-binding approx-
imation, which is typically a model to describe the state of an electron bound by the
periodic potential of a crystal, aiming to compute the band diagram of the system [28].
The state of the electron (particle) |¢) is written as the superposition of basis states |i),
where |i) describes the electron (particle) localized at the position of the atom (site) i.

The tight-binding Hamiltonian of the system with N sites can be written as

Hy =Y (Kyli) (G + Kgali) ) + > Eiliyil. (2.52)
i#] i=1

Here, K;; is the transition (hopping) energy between sites i and j, and &; is the on-site

energy of site . Usually one has the condition Kj;; = K, where the star () represents the

75
complex conjugate, so that Hy, is Hermitian. See Figure P23 for an intuitive illustration

describing the Hamiltonian.

Eit K> K>3
INCOYN
]
o ]
]

&1 &2 153 l&}
S [

|1) 12) 13) 14)

Figure 2.3: The schematic picture of the tight-binding Hamiltonian defined in Eq. (252). Here a system
of N = 4 sites is illustrated. &; represents the on-site energy of site ¢, while K;; is the transition (hopping)
energy between sites ¢ and j. The time evolution in this system can be interpreted as a single particle
hopping between sites.

Recalling that each term [i)(j| is a tensor product, |} @ (j| = (0,...,1;...,0)T ®
(0,...,1;,...,0) is a N x N matrix where the (4, j)-th entry is 1, while all other entries are

19



2.6. EXAMPLES OF HAMILTONIAN SYSTEMS

0. Therefore, the matrix form of the tight-binding Hamiltonian can be straightforwardly

written as
51 K12 Ce KlN
K E :
H,, = e . (2.53)
KNl Ce 51\/

Each rows and columns corresponds to the basis states |i) and (j|. Mathematically, the
only requirement on the basis states is that they are orthonormal. Therefore, |i) can be
an arbitrary basis state of the Hamiltonian, not limited to the situation where an electron
or a particle is localized at discrete sites. As a general understanding of the tight-binding
Hamiltonian, we can say that transitions (or flow of complex amplitudes) between states
|i) and |j) occurs with a rate proportional to K;;, while some fraction of the complex
amplitudes stays on the state |i), only acquiring a global phase with a rate proportional
to &. The direct transition between states |7),|j) is only present when K;; # 0. The
balance between |£; — &;| and K;; determines the fraction of the complex amplitude that
moves from |i) to [j).

The above matrix form and interpretation of the tight-binding Hamiltonian is simple
but powerful, since in principle any Hamiltonian defined on a N-dimensional Hilbert space

can be written in such N x N matrix form.

2.6.2 The spin chain Hamiltonian

A many-body spin system can be described by a Hamiltonian composed of Pauli matrices.
Here we assume each particle of the many-body system only has the spin degrees of
freedom, and their position are static. We assume we do not have more than one particle
at each position, and the particles can only interact with each other via its spin degrees

of freedom.

The Ising model The basic example of a spin chain Hamiltonian of n spin-1/2 particles

is the Ising model, which can be written as

n

Higing = — i Jrot0; = Biot. (2.54)

r#s r=1
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o7 is the 2 x 2 Pauli z matrix on spin r, J7Z, is the strength of interaction between spins
r and s, while B? is the strength of the magnetic field applied along the z axis onto
spin 7. The term o70? denotes the tensor product of n matrices, formally written as
H?:l,...,rq I ® 07 ® H?;rﬂ,...,sq [ ®o?® ngsﬂ,mm I,,. The terms representing the

interaction between spins, oZ0Z, can be understood that the energy of the system will

change depending on the correlation between pair of spins. Here we represent the +1 and

—1 eigenstates of o7 as | 1) and | |), respectively. Figure 24 illustrates such system.

zZ 7z
J7s07 O

Bf o} m

X XXXX

Figure 2.4: An illustration of an Ising spin chain model composed of 6 spins. The arrows going through
the spheres represent the direction of the spin magnetic moment, namely the state of the spin | 1), |).
BZo? corresponds to the situation where a magnetic field B? in the z-axis direction is applied on each
spin. J7,0Z0Z represents the situation where spins r and s are interacting with energy J7.

Consider the expectation value of the energy of a state |[(1|H|¢)|. First, look at the
second term of Eq. (E5d), — Y "_, Bfo?. By keeping in mind that |(¢|0Z|¢)] € [—1,1],
we can easily see that the energy is lower as more number of the spins are pointing the
up direction | 1), since [(1 [o7] 1)| = 1. From the first term — 3", JZ070Z, we can see
that the energy is also dependent on the number of pair of spins that are pointing the
opposite direction, called as the domain walls. For example, |(1,7s |oZ0Z| T.1s)| = 1,
while |(1,4s |0Z0Z| 1.1s)] = —1. The Ising model is classified as ferromagnetic when
J7, > 0, and anti-ferromagnetic when J?, < 0. The energy is lower as spins align to
the same direction | ™11 ...) in the case of ferromagnetic, while spins pointing in the
opposite direction | T[] ...) leads to lower energy in the anti-ferromagnetic case. We
can consider the structure of the interaction in terms of which pair of r and s having
non-zero J7,. Fundamental examples are nearest neighbour coupled or the d-dimensional
lattice settings, but complex interaction structures can be also considered, which changes
the energy landscape of the system.

Note that if we write the Ising Hamiltonian as a matrix form using the basis con-
structed by the product states of the eigenstates of o7, such as {| ™M1 ... 1), | ™1 ... |
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Voo | W o D)}, the matrix will be diagonal.

The tilted-field Ising model The Ising model with an additional transversal magnetic

field g is often referred to as the tilted-field Ising model.

n

Hrpy=— Y Jioi0l =Y Bioi—g) o, (2.55)

ris r=1 r=1
where g is the strength of the magnetic field applied along the x axis. In the Ising model,
corresponding to ¢ = 0, when the system is initialized in a state where all spins are
parallel to the z axis, the state essentially does not evolve with time as it is an eigenstate
of the Hamiltonian (which corresponds to the fact that the Hamiltonian is diagonal in
this basis). In contrast, when g > 0, the spins will rotate around the = axis, as well as
being effected by the o® terms. When the applied magnetic field B? > 0 is disordered
such that B? is a random variable in B? € [0, W], the system can be in a localized phase
depending on W/g [29]. When the system is in the localized phase, the states will be

frozen in it’s initial state during the time evolution.

The XY model Another spin chain model that is well-studied in the literature is the
XY model (or the XX model). The Hamiltonian of this model can be written as

Hyy =—Y JXY (0f0f +olo?) =Y Bl (2.56)
r#s r=1

As this Hamiltonian commute with ¢*, the number of excitations k (i.e. the number of
spin ups k) is conserved during the time evolution. As no transition occur between each
k-excitation subspaces, the Hamiltonian is block diagonal when it’s written in the basis
constructed by the product states of the eigenstates of oZ. The k-th block in the matrix
is a square matrix with dimension ,,Cj,.

When k = 1, where the corresponding subspace often referred to as the single excita-
tion subspace, the XY model can be mapped to a tight-binding model using the Jordan-

Wigner transformation. Such transformation can be done by defining two spin-ladder
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operators

o = (oF +i0?)/2 (2.57)
= (of —i0Y)/2. (2.58)

Q
I

One can find that o7 can be written in terms of the ladder operators as
ol =200, — 1. (2.59)

Using these operators, the XY Hamiltonian in Eq. (Z258) can be written as

n

ny——2ZJXY ofo, +o, 0+)—ZBf(20j0;—1). (2.60)
r#s r=1

From this we can interpret the interaction term (the first sum) as the hopping rate, since
the term o;F o, annihilates one excitation from mode s and creates one excitation in mode
r (i.e. flips the s-th spin | 15) — | |s) while flipping the r-th spin | |,) — | 1,)). The

+

term o, 0, in the latter sum can be interpreted as the excitation number operator. As

r

the dimension of the single excitation subspace is ,C; = n, Eq. (E80) can be straight

forwardly written as
Hxyp1 = —22 (JEY|r)(s| + |s) ZBZ 2)r)(r| —1). (2.61)
r#s

|r)(s| projects the excitation from mode s to r, which corresponds to the transition be-

tween states |s) (spin s is pointing up while all others are pointing down) and |r).

2.7 Introduction to graph theory and complex net-

work science

In this section, we introduce the concept of graph theory and complex network science.
We define basic notations of graphs and networks, which will be followed by introductions
to some measures and methods to analyze graphs and networks.

Graph theory is a field in mathematics that deals with the relationship between discrete

elements. In this thesis, we use the term graph and network as mathematically equivalent
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objects. Although, the term graph is used to describe the object in a rather mathematical
context, while the term network is used in a more general situation to indicate any object
with some relationship or structure. A graphical example of a graph is shown in Figure Z73.
Generally the dots in the figure are called as nodes or vertices, while the lines connecting
the nodes are called as edges or links. A graph is defined by the set of these nodes and
edges, that is represented by G(V, E). V is the set of nodes and F is the set of edges.
Graph theory mainly deals with the mathematical aspects of such object G(V, E). In
contrast, network theory or complex network science is a field that applies graph theory
to understand real-world systems. For example, consider the hyperlinks between the web
pages in the World Wide Web (WWW). Bunch of websites exist on the WWW, and
those websites are linked to each other so that the user can surf the web. If we take a
subset of the web pages and the hyperlinks connecting the pages within the subset, we
can map this as a network. The nodes are the web pages and the nodes are connected
by an edge when one web page has a hyperlink to another. Complex network science is
a field to analyze such networks mapped from the real-world systems. There are other
examples of networks which includes social networks (e.g. follower network in Facebook
or Twitter, transportation networks such as the flight between airports), technological
networks (e.g. the Internet, the configuration of processing units in a computer), biological
or chemical reaction networks (e.g. protein-protein interaction in living cells, connections
of the neurons in a brain), just to name a few. In fact any discrete system that has some
kind of interaction between each elements can be represented by a network, and graph
theory is applied to analyze the properties of networks.

From now on, we define the basic notations and measures in graph theory to describe

and analyze graphs.

Figure 2.5: An example of an undirected, unweighted graph with 4 nodes.
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Adjacency matrix Assume a graph G(V, E) consists of N nodes. A graph is uniquely
determined by defining an adjacency matrix Ag. This is an N x N real matrix. The
N nodes have to be labeled such as {1,2,3,--- ,i,--- , N} € V to define the adjacency

matrix. An entry of the adjacency matrix A;; is,

Aijj=1 (2.62)
if nodes ¢ and j are connected by an edge e;; € F, and

Ai; =0 (2.63)

if no edge directly connecting the nodes ¢ and j exists. The adjacency matrix of the

example graph in Figure 223 is expressed as,

i
Q
I

(2.64)

o OO = =
= = O =
_ O = O
O = = O

The adjacency matrix completely describes which nodes are connected and which nodes
are not. There are different classes of graphs that can be described in such matrix form.
The above example is an undirected, unweighted graph. Undirected stands for the case
where the edges do not have a direction, and the corresponding adjacency matrix is always
a symmetric matrix. Unweighted stands for the case where all the non-zero entries of Ag
representing the connected nodes are identical (usually taken as 1). In contrast, if the
entries have different values, the graph is classified as weighted. In this thesis we will not

consider any directed graph, but weighted graphs will appear in the later sections.

Degree, degree distribution A degree k; is the number of edges that are connected to
node 7. For unweighted graphs, it also denotes the number of neighbours of node i. Using

the adjacency matrix, degrees can be simply given by summing the rows or columns,

k=Y Ay (2.65)
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See the left side of Figure 28 for an graphical example. If the degrees are identical for all ¢,
the graph is called as a regular graph, and otherwise a non-regular graph. Degrees are the
simplest but very important quantity which you may want to compute from the adjacency
matrix. The average degree (k) = va k;/N is also commonly used to roughly know the
connectivity the graph. For large-scale complex networks, taking the distribution of the
degrees can capture the global property of the network. The degree distribution Pr(k) is
defined as the probability function to sample a degree k node from the network (see the
right side of Figure I8).

6
5 038
2} I
B 025
S ‘g;
1 0.13
0 0

12 3 45 6 7
k

Degree distribution

Figure 2.6: An example graph, its degree, and its degree distribution. k5 or kg is the degree of node 5 or
8, which represents the number of neighbours (i.e. number of lines connected to that node). The degree
distribution on the right is measured by taking the histogram of the degree of all nodes in the network,
and normalizing it to make it as a probability distribution.

Graph spectrum The spectrum of the graph stands for the eigenvalues of the adjacency
matrix Ag. Knowing the spectrum of a graph gives us a lot of information about the
graph, especially associated to the structure or dynamical processes on the graph. For
example, the gap between the largest and second largest eigenvalues of the adjacency
matrix gives the mixing time of a random walk process on the corresponding graph. The
eigenvectors of Ag can also tell us the properties of the graph. One example is that
the eigenvector corresponding to the largest eigenvector (i.e. leading eigenvector) is the
stationary distribution of the corresponding Markov chain on the graph. The whole field

to analyze graphs using the spectrum is called as the spectral graph theory.
Laplacian matrix A Laplacian matrix L is defines as,
Lg = Dg— Ag. (2.66)
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D¢ is a diagonal matrix that contains the degree of each nodes as the diagonal entries,

such as

The Laplacian matrix is especially helpful when analyzing some physical spreading dy-
namics on graphs. The eigenvalues of a Laplacian matrix is always 0 or positive. This
is relevant for Hamiltonians describing quantum systems. The eigenstate with eigenvalue
0 can be viewed as the ground state. There are cases where the 0 eigenvalues can be
degenerated. The multiplicity of 0 tells us the number of connected components. The
connected component is a subset of nodes that can be reached from one to another using
the edges.

Next, we introduce some important measures mainly used in the context of complex

network science.

Shortest path length, average path length A shortest path length (shortest path
distance) l;; between a pair of nodes 4, j is the minimum number of edges (steps) one
needs to reach from node i to node j. For example, in the graph shown in Figure 271,
the shortest path length from node 1 to 14 is [ 14 = 4. The average path length is the

average of [;; over all possible pair of nodes”

(lij) = m Z Z Lij.- (2.69)

This quantity is often used to characterize how the network is compact compared to its
total number of nodes. Especially, a network is called as small-world when the average
path length scales about O(log V).

Diameter A diameter of a network is the maximum of the shortest path length, that
is
lmaz = maX(lU) (270)
i.j

4The number of all possible pair of nodes can be given by

N\ N NN-1)
(2)_2!(N—2)!_ 5 (2.68)
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Figure 2.7: Shortest path of a graph. Here, the shortest path between nodes 1 and 14 is indicated as the
red path. The shortest path length [; 14 is measured by counting how many edges are contributing to
the shortest path.

The diameter is [,,,, = 5 in the example of Figure I8 (note that there are more than
one shortest paths where [;; = 5). Compared to the average path length, the diameter
rather describes the abstract size the network. For example, the diameter of a vN x v N
two-dimensional square lattice is 2v/N (measured with Manhattan distance). For d-
dimensional lattice, it is dN'/¢. Even if the network is not periodic or symmetric as a
lattice, if the diameter of a network scales as o NY% one can say that the effective
dimension of the network is d.. This measure is also used to describe how small-world

the network is.

Figure 2.8: Diameter of a graph. We can find that the diameter of this graph is l,,4, = 5 by checking the
shortest paths length between all pair of nodes, and finding the maxima. The red path {1,2,5,9,12, 16}
is just one instance of the path which has the maximum shortest path length; {1,2,5,8,13,15} also has
the maximum shortest path length.

Clustering coefficient A (local) clustering coefficient Cl; of a node i is defined as,

2T;

R )

(2.71)

T; is the number of triangles that includes node i as one of its vertex. A triangle means that

three nodes 17, j, k are mutually connected to each other by an edge. See Figure 29 where
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such triangle are indicated with colors. C'; is obtained by dividing 7; with the possible
number of triangles that can be formed using node ¢ and its k; neighbours, 2/[k;(k; — 1)].
This means that when Cl; = 1, a local fully connected graph (called as a clique) of k; + 1
nodes is created around node i. We can understand that Cl; tells how much edges are
clustered around node i. The average clustering coefficient (Cl;) = S°~ Cl;/N is also

commonly used to measure the global property of the graph.

T5 = 4
m) Four triangles around node 5.
{5.2,4},{5,3,4},{5,7,9},{5,7,8}

kstks—1) 7-6
2 T2

Number of triangles that can be created
around node 5 when the neighbouring nodes
{2,3,4,6,7,8,9} are fully connected to each other.

=35

Clustering coefficient of node 5is Clg = E

Figure 2.9: Clustering coefficient of a node. For example, the clustering coefficient of node 5 is computed
by counting the number of triangles that includes node 5 as one of its vertex, and dividing that value
with the number of possible triangles that can be created using node 5 when all its neighbours are fully
connected to each other (forming a locally complete graph).

Centrality measures A centrality C; of a node ¢ measures how much central in the
network the node 7 is. We can interpret this as how important the node ¢ is for the whole
network. There are several types of centrality measures, where each centrality measure
represents the importance of a node from different aspects of the network structure or

process.

e The degree centrality of node i is defined as

d 1 .

J

This is simply the fraction of nodes which are connected to node ¢. A higher degree
node has a higher degree centrality, and it can influence the network more than the

lower degree nodes.
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e The closeness centrality of node ¢ is defined as

—1
S b
o [ &t T 9.
: ( S (2.73)

where [;; is the shortest path length between nodes 7, j. As this quantity sums the
shortest path lengths from node i to all other nodes, it represents how close the
node ¢ is to all other nodes. A node with higher closeness centrality can reach to
other nodes is averagely short number of steps, and thus it can give more influence

to the dynamics on the network.

e The betweenness centrality of node ¢ is defined as

b — Zk;ﬁi;ﬁj okj(1)

1 I

Ukj

(2.74)

where o;; is the number of shortest paths from node i to j, and ¢;;(w) is the number
of shortest paths that goes through node w among them. This measures how often
the node 7 can be visited while moving from nodes k£ to j using the shortest paths.
This measures how importance a node is as a relay point, since one may need to
re-route a lot of number of paths when a node with high betweenness centrality is

deleted from the network.

e The eigenvector centrality of node i is defined as

N
Cf=wv;, where Ag|\e) = Me|Ae) =D wili). (2.75)

i
This is simply the component on node 7 of the eigenvector of the graph adjacency
matrix. A is usually chosen to be the largest eigenvalue. Eigenvector centrality
measures how many important nodes are connected to node <. In many cases the
eigenvector centrality is measured using the leading eigenvector |\;), the eigenvector

corresponding to the largest eigenvalue of the adjacency matrix.

e The random walk closeness centrality of node ¢ is defined as

ore — (W) o 7 (2.76)
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where H(j,i) is the first mean passage time from node i to node j. The first mean
passage time is the average time of a random walker to reach node 7 for the first time,
starting from node j. This is another closeness centrality measure, although the
distance between nodes are measured as the time of a random walker to reach from
one node to the other, instead of the shortest path distances. This is a centrality

measure based on the random walk process on the network.

2.8 Essential concepts of complex networks

Here we introduce some important concepts and examples used in complex network sci-
ence. The central aim of complex network science is to create mathematical models that
can reproduce the properties or dynamics of real-world networks. Numerous models have
been proposed and analyzed in the literature, although most of the models are based on
the basic concepts that will be explained in this section. We will first explain the Erdos-
Rényi random graph, which is the seminal network model that plays a role as the basic
building block of complex network science. After that we explain two common concept

in complex networks, which are the small-world property and the scale-free property.

Erdoés-Rényi random graph The Erdos-Rényi random graph (ER graph) is a prob-
abilistic model to generate a network whose connections between nodes are random. A

ER graph consists of N nodes is defined as follows:

e An ER graph G(N,p) is a graph where each pair of N labeled nodes are connected
with probability p. [30]

To generate such graph, first we start with N disconnected nodes, and for each pair of
nodes %, j, sample a random number z;; from a uniform distribution. If z;; > p, we draw
an edge between that pair of nodes.

As an more intuitive explanation, assume a graph with 8 disconnected nodes (see left
side of Figure 210). Choose any pair of node and flip a coin. If the result is heads, draw
an edge between that pair of node, and do not draw an edge if the result is tails. This
corresponds to the case of p = 0.5 in Figure ZZI0. Repeat this coin toss for all possible
pair of nodes. As the number of possible pairs is 8(8 —1)/2 = 28, you need to toss the coin
28 times. After this process is done, you obtain one instance of the ER graph, G(8,0.5)
(right side of Figure 210).
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. / . Ask for all

/ pair of nodes

/
/
@ (9]
/
4

Draw an edge? A graph whose nodes are randomly
> YES, with probability p. connected is generated.
> NO, with probability 1 — p. (The Erdos-Rényi random graph)

Figure 2.10: Schematic illustration of the process of generating an Erdos-Rényi random graph.

Let us list up some properties of the ER graph. First, the expectation value of the
degree of node i is (k;) = p(N — 1). The expected total number of edges in the network
is L = pN(N — 1)/2. This is equal to multiplying p to the total number of edges in a
complete graph, N(N —1)/2. The degree distribution P(k) of the ER graph is a binomial
distribution, which can be derived by asking the probability that a node i has k edges.
The probability where k of the node’s edges are present is p*. The probability where the

remaining N — 1 — k edges are missing is (1 — p)V~17*. Since there are

N -1
() .

possible ways to select k edges from the N — 1 potential edges, P(k) is given by,

P(k) = ( Nk_ ! )pk(l —p)N R (2.78)

When (k) < N, meaning that the network is sparse, the binomial distribution is well

approximated by the Poisson distribution,
P(k) = e~ R 2L (2.79)

The spectral properties of the ER graph is also interesting to investigate. The dis-
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tribution of the eigenvalues \; of the adjacency matrix of a ER graph Agg is known
to follow the semi-circle law, as shown in Figure ZT0(a). This distribution (histogram)
is computed by obtaining all eigenvalues \; satisfying Aggr|\;) = Ai|\;), and taking the
distribution P(\; = A). The eigenvalues are distributed in a half-circular distribution,
centered at 0 which resembles the name semi-circle law. We also see an isolated large

eigenvalue apart from the semi-circle. The size of the gap between the semi-circle bulk and

Bulk of the spectrum

TR

N / M
(a) (b)

Figure 2.11: (a) The spectral distribution (histogram) of the ER graph. The distribution follows the
semi-circle law, which means that the bulk of the spectrum is distributed in a shape of a half-circle. Note
that there is one eigenvalue separated from the bulk, which is the largest eigenvalue. (b) Components of
the leading eigenvector (i.e. eigenvector corresponding to the largest eigenvalue) |[A;) of the ER graph.
One can see that the components are taking random values, centered at 0, and the range of fluctuations is
around 1/+/N, indicated with the red line. Both of the plots are obtained using a graph of G/(1024,0.05).

the largest eigenvalue depends on the average degree, which indicates the connectivity of
the graph. Additionally, the leading eigenvector of the adjacency matrix (the eigenvector
corresponding to the largest eigenvalue of the matrix) has randomly distributed compo-
nents around 0. See Figure ZTII(b), where the components ¢; of the leading eigenvector
M) =N i=1647) is plotted. These properties essentially tells that the ER graph has a
pure random structure. The ER graph is generally used as a reference model to compare
with different types of complex networks or real world networks. It is useful to consider
how much the network of interest is different or similar to the ER graph. If the network
has different properties from the ER graph, that indicates there are some special structure

in the network (i.e. meaning that the network is not purely random).

Small-world property In many real-world complex networks, a property called as

the small-world property is often observed. The small-world property is defined by the
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diameter of the network satisfying a logarithmic growth according to the size of the
network, l; ~ log N. Here N is the total number of nodes in the network. This means
that the diameter of the network grows very slowly compared to the size of the network,
and thus one can reach from one node to another in relatively short steps, when the
shortest path is known.

We can analytically derive that the ER graph has the small-world property. Consider
one node ¢ in the graph and count the expected number of nodes that is within distance
(step) [ from the node i. Obviously the number of nodes corresponding to [ = 0 is 1 (node
i itself). The number or nodes corresponding to [ = 1 is (k) in average, since node i has

2 in average,

(k) neighbours in average. The number of nodes corresponding to | = 2 is (k)
since the (k) neighbours of node i have (k) neighbours in average. In this way, the sum

of the number of nodes within distance [ can be roughly calculated as

() 1

N(l)z1+(k)+(k)2+---+<k>l:<k>—_1

(2.80)
Here, as we assume the network has finite number of nodes, [ must be upper bounded by
the diameter of the network [ < [,,,,. Additionally, N(I) must not exceed N, since the
total number of nodes in the network is N. Combining these two conditions, we can set
that N(ljna) = N. Then from Eq. (E280), we get

<k>lmaw+1 _ 1

. N. (2.81)

Assuming that (k) > 1,

lmaz+1 _
—<k><k> i : L (b ~ N (2.82)

Taking the logarithm, we get the expression of the diameter [,,,, of the ER graph as,
(2.83)

which satisfies the definition of the small-world property.

On the other hand, regular lattices are not small world as the diameter grows as [y ~
N/ swhere d is the dimension of the lattice. This can be easily understood by imagining
a d-dimensional square lattice with the length of each sides being N%/?. Importantly,

lattices cannot satisfy the small-world property except the limit of infinite dimension,
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d — o0o. There are network models that explores the transition from non-small-world to
small-world networks by adjusting the parameter to generate the network, such as the
Watts-Strogatz model and the long-range percolation model. We will further introduce
the the latter model in the next Chapter, as we analyze the quantum search algorithm on
that model.

Scale-free networks Another important property that appears in the real-world com-
plex networks is the scale-free property. This property is defined as the network’s degree

distribution following a power law function of the form
P(k) o< k77, (2.84)

The exponent [ is a real positive number, which determines the concentration of edges
on certain nodes of the network. Figure ZZI2 shows the visualization of an example of
the scale-free network, while the power law degree distribution is plotted in Figure 213,
together with a binomial distribution for comparison. Looking at the visualization of
the network together with the degree distribution, the power law distribution can be
interpreted intuitively as, (i) most of the nodes has small degree indicated from the small
k side of the distribution, and (ii) there exists few nodes that has significantly large degree
indicated from the long tail of the distribution. The largest degree node in the network
is called as the hub, or sometimes call the set of large degree nodes as hubs. Scale-free
networks are especially important class of networks in complex network science, since it
has been discovered that the scale-free property is observed in many instances of real-
world networks, such as the World-Wide-Web, airline network or the actor collaboration
network [31], etc.

We shall look at the basic properties of scale-free networks, which can be derived from
the degree distribution P(k) o k=%. We set the total number of nodes in the network
as N. Let us first estimate the size of the largest hub, namely the largest degree k4
of the network. This is also called as the natural cutoff of P(k). In order to provide
easier explanation of the calculation, first we consider a calculation using the exponential
distribution,

P(k) = ce ", (2.85)

We set the minimum degree k,,;, (in principle this is k,,;, > 1 as we consider a connected
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Figure 2.12: Visualization of a scale-free network. The network consists of N = 200 nodes, and the
degree distribution follows P(k) &< k=3. A network generation model known as the Bollobds model (will
be explained in Section B7) is used to generate the graph. The sizes of the nodes are proportional to
its closeness centrality. The red node in the center has the largest degree in the network, which we call
as the hub node. The edges connected to the hub node is draw in red, and the neighbours are the blue
nodes. The common property of scale-free networks is the existence of the hub, while majority of the
nodes have small degree (see the black nodes on the perimeter).
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Figure 2.13: The Power law (blue) and binomial (red) distribution plotted together as a comparison, in
linear scale (left) and logarithmic scale (right).
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component?) and give the normalization condition

/ T P()dk =1 (2.86)
kmin

[—ce™™ /B8], =1 (2.87)
ce Phmin /3 = 1. (2.88)

This gives ¢ = BePFmin. To estimate kynqy, we consider that the probability to find a node

larger than k., is 1/N (as small as maybe finding one node from the network), such as

& 1
Pk)dk = —. 2.89
| Pk = (2.89)
This leads to the equation,
,Bk‘ Bkmaz 1
min — 290
et S — (2.90)
1
ﬂ(kmin kmar) _ — 291
: L 291)
In N
kmaz = kmzn + nﬁ . (292)

This means that k., is not greatly different from k,,;, since In N is a slowly growing

function of N. To apply the same calculation with a power law function
P(k) = ck™", (2.93)
first consider the normalization condition

/ P(k)dk =1 (2.94)
kmin
which leads to

c= (-1 (2.95)

Hence by substituting
P(k) = (B8 =Dk k=0 (2.96)

min

5A connected component is a subset of nodes that are connected by a path. If no path exists between
two nodes, they belong to different connected components.
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into Eq. (Z89), we get
Kmaz = kmin N 7T (2.97)
This means that k., of scale-free networks can be magnitudes of order larger that k.,
since the growth is polynomial to N. For example when = 3, kyaz ~ VN.
Next we will look at the n-th moment of the degree distribution, (k™). n = 1 is the
average, n = 2 is the variance and n = 3 corresponds to the skewness, which tells us how
symmetric the distribution is around (k). The n-th moment of the power law distribution

is

kmax kmaax k.n—ﬁ-‘rl _ kn*ﬁ‘i’l

(k™) :/ k" P(k)dk :/ ck" Pk = c—max mn (2.98)
We have seen from Eq. (E2910) that k., increases polynomially with the network size,
while k,,;, is usually fixed. Therefore in the large N limit, the behaviour of (k") is

dominated by the behaviour of kA1, We can consider this by dividing into two cases.

e When n — f+1 < 0, k»- 7+ converges to zero as N increases. Therefore, the

max

moments satisfying n < § — 1 are finite.

e When n—3+1 > 0, k%21 goes to infinity as N increases. Therefore, the moments

satisfying n > 8 — 1 diverge.

This result tells us that the distribution qualitatively changes at § = 3. When 8 > 3,
moments of n = 1 and n = 2 is finite, but otherwise when # < 3, moments of n = 2 or
greater diverges. The divergence of (k?), the variance, gives a strong implication that when
a node is randomly chosen, one cannot identify the typical range of value the degree will
take, since the variance goes to infinity. This is a critically different property compared
to the ER graph which has the binomial degree distribution.

It is also known that scale-free networks has an wultra-small-world property. The aver-

age shortest path distances in a scale-free network has been shown to be [37],

(const. =2
In(In NV 2<pB<3
(1) ~ l(N ) b . (2.99)
ln(rllnN) 6 =3
(In NV 6>3

As  — oo corresponds to the Poisson distribution, scale-free networks satisfy the small-
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world property at any f.

Finally we shall look at the spectral properties of scale-free networks. Figure 2714
shows the distribution of the eigenvalues of the adjacency matrix of a scale-free network.
To compute the eigenvalues numerically, we used a network generation model known as
the Bollobas model and generated the adjacency matrix. We will dig in to detail of the
Bollobas model in Section BZ1 of Chapter 3, and at this point we just mention that this
model is one of the commonly used mathematical network model that generates a scale-
free network with adjustable value of . The distribution of the scal-free network displays
a heavy tailed distribution, tailed on both positive and negative A. This is very different
from the ER graph which obeyed the semi-circle law. The spectral distribution for the

scale-free network follows a power law distribution excluding the A in the vicinity of zero.
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Figure 2.14: Spectral distribution of the Bollobas scale-free network. All of the eigenvalues of the adja-
cency matrix of a network with size N = 5000 and degree distribution exponent S = 3 is computed to
obtain the distribution. The spectral distribution follows a power law function in the region excluding
the eigenvalues close to zero.
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2.9 Writing arbitrary Hamiltonians as tight-binding

models and their interpretation as networks

In this final section of the current chapter, we introduce the core idea used in this thesis.

The idea can be summarized into three components:

1. Take an arbitrary Hamiltonian defined on a N-dimensional Hilbert space. Choose

a certain basis set {|i)} and write the Hamiltonian as a N x N matrix.

2. Interpret the matrix as an adjacency matrix of a weighted, undirected graph of N

nodes.

3. Once the Hamiltonian is interpreted as a graph, the quantum system can be analyzed
using the language from graph theory and complex network science. Moreover, one
can work in the other way around and use a complex network as a tight-binding

Hamiltonian, discussing its properties as a quantum system.

Figure 213 shows the diagrammatic explanation of this approach.

This idea is motivated by the work by Bastidas et al. [24] and Roy et al. [29] where
they considered certain types of quantum systems and analyzed those systems using some
concepts from graph theory and network science. Specifically, Bastidas et al. [?4] discussed
the properties of ergodic and localized quantum systems using the connectivity and degree
distribution of graphs. Roy et al. [29] discussed localized-to-thermal transition of quantum
spin systems using percolation of graphs. In this thesis, the idea is extended to especially
bring the concepts of complex network science into quantum physics. Using the rest of
this section, we will show the detailed explanation of the above idea with some examples.

Let us explain the first step to write . As introduced in Section EZG1, tight-binding
Hamiltonians are matrices displaying transitions between all states of the Hilbert space.
One can for example write a spin Hamiltonian in a tight-binding form by choosing a
certain set of orthonormal basis states {|i)}. By doing this, we are essentially translating
the interactions between the spins into transitions between states. The selection of the
set of basis states {|i)} is very important as it changes the form of the matrix and thus
the structure of the transitions between states. For example, the energy eigenstate can
be one choice to represent the spin Hamiltonian as a tight-binding matrix form. Trivially,

the matrix will be diagonal and we cannot see transitions between states. However, this is
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Figure 2.15: The approach to interpret and analyze Hamiltonian systems as graphs. (a) Assume we have
a spin Hamiltonian we would like to analyze. (b) Select a certain set of basis set. (c) Once the basis
set is fixed, the spin Hamiltonian can be written in a matrix form, which is the form of tight-binding
Hamiltonians. (d) We can use the matrix form of the matrix as the adjacency matrix of a graph. By
interpreting the quantum system as a graph is such way, we can use tools from graph theory and network
science to analyze the system.

still an important basis to choose in some cases, such as applying additional perturbation
to the system.
Let’s take the tilted-field Ising model without the magnetic field in the z-direction as

an example, where the spin Hamiltonian is

Hrpr = —JZO‘TO'T_H gZUf. (2.100)
r=1
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Here o7 and o7 are the Pauli operators on the r-th spin, J is the strength of the Ising
interaction, and ¢ is the strength of the external magnetic field in the z-direction. We
assume nearest-neighbour one-dimensional interaction of n spins. Now let us write this
spin Hamiltonian in the tight-binding Hamiltonian matrix form. An non-trivial and in-
teresting choice of basis in this case will be the product states of the eigenstates of 7.
We denote the eigenstates as 07| 1) = (+1)| 1) and 7| ) = (=1)| {). The set of N = 2"
basis states can be written as {|.S1) ®[S2) ®---®|Sn) }s,,..5,=1,1- As these are n-bit binary
numbers | T ... M, [T MDD, 1 -0 L), we label these states with
the decimal numbers as 1), |2),...,i),...,|N —1),|N) in the ascending order. Using the
matrix form of Pauli operators and their tensor product operations defined in Section 23,

we can write Hpp; as the tight-binding Hamiltonian matrix,

81 K12 . KlN
a Y K21 52 :
Hitpy = Y &l + Y Ky (DG + 1)) = | ' . (2.101)
=1 1#£] . "
Knio... En

In the left side of Figure P18, we have shown the matrix elements of Hyp; as a color
map, with n = 5 spins, J = 1.0, and ¢ = 3. This is a 2° x 2° = 32 x 32 matrix. The
terms —JoZo?, | in Eq. (Z000) contribute to the diagonal elements &;, while the terms
—go? in Eq. (2100) contribute to the off-diagonal elements ;. This perspective clearly
shows that the matrix is diagonal when g = 0, and when g > 0 certain entries of of the
off-diagonals becomes non-zero. The non-zero g can be viewed as a perturbation applied
to the system.

Now let us interpret the matrix as the adjacency matrix of a undirected, weighted
graph. At this point, we only focus at the off-diagonal elements K;; and omit the diagonal
elements &. We take the absolute value of the elements, |Kj;|, in the case when the
entries are complex numbers. This will be good enough to see what kind of transitions
the perturbation is generating. The graph corresponding to the matrix is shown on the
right side of Figure EZ18. The nodes are each basis states {|S1.52 ... Sn) }s,...s,=1.1, and the
edges between nodes are drawn if K;; # 0. Therefore, the existence of the edge between
pair of nodes means that transitions occur between the two states. As we have placed the

nodes in specific positions in Figure ZZI8, we can see that the graph has the structure of

a 5-dimensional hypercube. In a hypercube, nodes that are apart by Hamming distance
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(l1e

24

32

Figure 2.16: Hamiltonian matrix of the TFI model of Eq. (2I00) with n = 5 spins (left), and its graph
representation (right). The entries (H%,);; of the matrix is represented by the colormap. The graph
on the right is drawn by assigning the nodes to each basis states |i) and taking the non-zero off-diagonal
entries (H!;);; as the edge connecting the nodes i and j.

one? are connected to each other. This corresponds to the physical perspective that the

term gy _, 0¥ can only flip one spin at a time, as this is a sum of local spin flips.
Although this is a simple example, the graph viewpoint gives us insight of the structure
and dynamics of the system in a graphical way.

We shall consider a slightly more complicated example to see the power of this graph
interpretation of Hamiltonians. We consider the tilted-filed Ising model with a disordered

magnetic field in the z-direction. The Hamiltonian takes the same form

-1
Hrpr = —anzajafﬂ - z”: B.oZ — gzn:af, (2.102)
r=1 r=1 r=1

where B, is a random variable within the interval B, € [0,W]. When the strength of
the disorder of the magnetic field W is large enough, the system will be in a localized
phase. In the localized phase, all of the eigenstates of the Hamiltonian are exponentially
localized at certain configuration state [S155...S,). Therefore, almost no transition can
occur between the states and the initial state is almost frozen during the time evolution.
It has been shown that when W > 2.J + g/2, the Hamiltonian Eq. (ZZ02) will be in such

localized phase [29]. Here we aim to see this localized phase from the graph interpretation

SHamming distance is the necessary number of bit (spin) flips to change a bit string to another. For
example, the Hamming distance between states | 11111) and | J1}11) is 2 as you need to flip the first and
third spins.
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of the Hamiltonian.

Let’s consider writing the above spin Hamiltonian in the tight-binding Hamiltonian
matrix from. By choosing the same basis set from the first example {|.S1 ....S,) }s,.....5,=1.15
we can soon find out that the difference compared to the first example is only in the
diagonal entries of the matrix. This is because the new term Y, B,o7 only contributes
to the diagonal entries, &;. If we directly interpret the matrix as an adjacency matrix, the
graph will look exactly the same as the one in Figure ZZ18. However, the key to understand
the localized phase lies in the balance between the strength of the diagonal disorder W
and the off-diagonal transitions g. To see the signature of the localized phase from the
graph, we must take the diagonal entries into account in some way when representing the

Hamiltonian as a graph.

The resonance rule To this end, we introduce the resonance rule, which is originally
introduced by Roy et al. [29], in order to make use of the diagonal entries in the graph.
We define a following rule when drawing the graph from the tight-binding Hamiltonian

matrix:

e For all pair of nodes |i) and |j), draw an unweighted edge with only if |£;—&;| < | K]

is satisfied. Otherwise, do not draw an edge between nodes |i) and |j).

Specifically, we initially prepare a N x N adjacency matrix A, with all of its entries being
0. For each matrix element A;;, we refer to the tight-binding Hamiltonian matrix and
calculate if |€; — &| < |Kj;| is satisfied. If the inequality is satisfied, we put A4;; = 1 in
the adjacency matrix. If the inequality is not satisfied, we keep the entry as A;; = 0. We
do this for all pairs of 7 and j, except for the diagonals A; and we keep them as A;; = 0.
As a result we get an unweighted adjacency matrix and the corresponding unweighted
graph. See Figure 2217 for the illustrative explanation.

Let us give the physical intuition of this resonance rule by considering a simple two-

level system. We define the two level Hamiltonian (2 x 2 matrix) as,

Hor = &V (1] + &[2)2] + K (12| + [2)(1]). (2.103)

We can compute the eigenvalues of this system as E. = {&1+&+4/(E — &) + 4K2}/2.
Define the energy gap of the avoided crossing A = B, — E_ = /(& — &)% + 4K2. When

we initialize the system in one of the levels, the probability to find the system in the other
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Figure 2.17: Applying the resonance rule on the tight-binding Hamiltonian to obtain the adjacency matrix
of a graph. Given a Hamiltonian matrix H', one asks if the condition |£; — &;| < | K| is satisfied for all
pair of states, and if true draw an edge between the nodes i and j (set A;; =1).
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P(t) = :

). (2.104)

From the above equation, we can see that | — & is acting as a potential barrier. When
|E1 — &| < 1, the complex amplitude fully bounce back and forth between the states. As
|E1 — &5 | increases, the greater fraction of the complex amplitudes stays on its initial state,
which is the sign of localization. The resonance rule asks the relation between |£; — &
and K, and picks up the transitions in the system where sufficiently large fraction of the
complex amplitudes that moves from one site to the other (for this two level system, the
fraction greater than 4/5). See Figure 2718 which illustrates the two cases, |E; — & < K
and | — &| > K. The resonance rule cuts out the transitions in the condition of
|E1 — &| > K when drawing the graph representation of the system.

As the resonance rule filters out the major transitions in the system and eliminates the
narrow bandwidth transitions, the resulting graph we get after applying the rule will depict
the abstract dynamics of the system. This allows us to understand the system intuitively.
We now go back to Eq. (ZZ102) and apply the resonance rule on the disordered tilted-filed
Ising Hamiltonian matrix. To show an example, we set the parameters as J =1, g = 2.1
and W = 4.6, which satisfies W > 2J 4 ¢g/2 where the system is in the localized phase.
After the resonance rule on the Hamiltonian matrix with these parameters is applied, the
unweighted adjacency matrix Arp; and the corresponding graph is plotted in Figure ZZ19.

We see a sparse graph, which means there are not many major transitions in the system
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Figure 2.18: The resonance rule illustrated for a two level system.

compared to the no-disorder case. This is a sign of the localization, visualized as a graph.
The complex amplitudes will tend to stay on its initial site or mostly travel around inside
a small subspaces of the system (for example, see that nodes 12,10, 26 is forming a small
connected component, as well as node 32 being isolated).

As we have seen using two examples, the Hamiltonian matrix and graph interpretation
of the system gives us intuitive insight about the dynamics of the system. Now we are
interested in examples where the Hamiltonian matrix or the graph has the structure of
complex networks, such as small-world or scale-free properties. The tilted-field Ising model
without disorder showed a hypercube which is a regular, highly symmetric structure.
When the disorder was present, randomness came in, chopping out some transitions from
the hypercube graph. Can we find a complex structures that are beyond regular or purely
random? In this thesis we name such complex structures as complex quantum networks,
and aim to explore dynamics on such systems, as well as exploring the possibility to realize
them experimentally using current technologies available in the labs.

We can naturally think of two directions. Take a Hamiltonian of a physically realizable
quantum system, write it in the tight-binding form, interpret it as a graph, and ask if we
can find complex network structure. The other direction is the other way around. Take
an adjacency matrix of a complex network, interpret it as a tight-binding Hamiltonian,

analyze the quantum dynamics on that quantum system, and ask if we can see interesting
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Figure 2.19: Resonance rule applied adjacency matrix Arp; (left) and the corresponding graph (right) of
the disordered TFI model. The matrix entries of the adjacency matrix (Arp 1)ij is shown as the colormap
in the left side. Note that here the adjacency matrix is unweighted; the entries are either 1 or 0. When
the graph is visualized (right) from (Arpr)i;, we can see that the connections are sparse compared to
the no-disorder case, Figure I8, which is the sign of localization of states.

physics from it. We explore both directions in this thesis. We will start by exploring the

latter direction in the next chapter.
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Chapter 3

Quantum spatial search on complex

networks

In this chapter, the problem known as the spatial search is explored. Spatial search is
a problem to find a (k) marked node(s) among N nodes of the network using quantum
dynamics. This is a good candidate to explore quantum dynamics on quantum systems
holding complex network structures. Let us define and describe the problem with more

detail, starting from the following section.

3.1 Formalization of unstructured search problem

Searching is one of the most fundamental computational problem. Search problem is a
task to find one (or multiple) marked element(s) among N elements in the database as fast
as possible. One can imagine a situation that you have a phone book where set of names
and their phone numbers of N people are listed. You are given a piece of paper with a
phone number written on it, and asked to find the name of the person corresponding to
that number. Here we assume the database (list) is unstructured; e.g. the phone numbers
are not correlated or ordered according to any rule. This means that when you refer to
one number, you cannot gain any additional information about the other numbers®. The
best you can do in this situation will be the brute-force search. The solver has to scan
the list one by one from the top to bottom until one hits the target phone number. If

you are lucky, you may find the target at the top, but in the worst case, you may find it

1As an example if the list is ordered, which is one type of data structure, one can know that the
answer is in the upper or lower side of the observed number. One can perform binary search in this case
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at the bottom, which is purely random at each trial. By defining the time consumed to
scan one phone number as 1, the average time to find the target will be N/2.
A mathematically formal definition of such search problem is the evaluation of a black

box function. Assume a function f(x):{1,2,---, N} — {0, 1} satisfying

1, ifr=w
flz) = : (3.1)
0, ifx#w

This function returns 1 if only one specific integer w is the input, while 0 is returned for
any other integer. The solver’s task is to identify the integer w which returns 1. The
solver can input one integer x and obtain an output 0 or 1 at each time step. As the
average time to obtain the output 1 and identify the integer w is N/2, the time complexity
(or more precisely the query complexity) is O(N)2.

3.2 Quantum algorithm to solve the unstructured

search problem

We now consider solving the unstructured search problem using a quantum system. First
we must translate the unstructured search problem to the quantum setting. See Figure B
which shows the correspondence between the setting of classical an quantum search. In
the classical search, a black box function is given, and the solver input an integer (or a bit
string) x € {1,2,...,w,..., N} to get an outcome value 0 or 1. In the quantum search, a
black box unitary operator is given instead of the black box function. More precisely, the
function f(z) is used to construct the black box unitary operator (this will be defined later
in this Section). The solver input a quantum state into the unitary operator instead of an
integer x. When the size of the database is N, the quantum state will be a N-dimensional
vector, and the unitary operator is a N X N matrix. The quantum state is written as the
linear combination of N basis states |z) € {|1),|2),...,|w),...,|N)}. The state is input
to the black box and the unitary operator is applied on the state, transformed to a final
state. The solver has to conduct a measurement on the state in the {|z)} basis to obtain

the outcome. The time complexity of the quantum search will be evaluated by how many

2In computational complexity theory, one is usually interested in the order or scaling of the leading
term of the time to solve the problem. The constant factor is omitted, and the dependence on the problem
size N is represented using the big-O notation, O(f(N)).
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times, or how much long the black box unitary has to be used in order to identify w from

the outcome measurement.

CLASSICAL A
Input value Output value
Black Box function )
( QUANTUM R
Input state Output state ﬁiiiﬁ:ment
¥(0)) % Y (©) =) X
N N with probability
- Z () 1x}  Black Box unitary = Z cx(6) 1) [l ()1
\- ’ ’ J

Figure 3.1: The problem definition of the classical and quantum search. In the classical case, the solver
inputs a scalar value among N possible values into a black box function, which outputs a scalar value 0
or 1. Correspondingly, in the quantum case the solver inputs a N-dimensional quantum state (vector)
into a black box where a unitary transformation is applied on the state. The solver has to measure the
resulting state to obtain a single scalar value. For both classical and quantum, the solver aims to evaluate
the black box function or unitary with the minimal use of the black box.

The first quantum algorithm that achieve to solve the unstructured problem with a
time complexity of O(v/N) was the Grover’s algorithm [33]. Such time complexity is
a quadratic improvement over the classical brute-force searching, O(N). This quantum
algorithm utilizes the nature of the superposition and interference of quantum states to
solve the unstructured search problem.

Let us construct the Grover’s algorithm. Define the dimension of the search space
(i.e. size of the database) to be N. We encode the search space in a n qubit system,
such that N := 2", and define a set of N basis states {|z)} = {|a1as...an) oy an=01 =
{]0...000),]0...001),...,|w),...,|1...11)}. The state |w) corresponds to the state en-
coding the target integer w. We call this state as the marked state, or the target state
hereafter. As in the previous section, assume that the problem is to identify the integer
w satisfying the function f(z) : {0,1}" — {0,1} defined in Eq. (B). Here the variable
x is represented in the binary form {0,1}". The algorithm is defined by the following

protocol:
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1. Prepare a n + 1 qubit state |0)®"|1), where the first part |0)®™ corresponds to the
search space {|z)}, and the latter qubit |0) is an ancilla.

2. Apply the Hadamard operator U™ *! on n + 1 qubits, where

1 1 1 n+1
Ut = — . 3.2
H \/5 ( 1 —1 ) ( )

3. Apply the oracle operator Uy on n + 1 qubits. Uy is defined as
Ul)|b) = |2)|b & f(x)).° (3-3)

This operator corresponds to the black box unitary operator.

4. Apply the Grover’s diffusion operator Dy on the first n qubits, where Dy is defined

as
RS I %
2 -1+ 2 .
Dy = =1+ 2U5"[0"{0"UZ" = N N ) (3.4)
N
2 2 2

5. Repeat 3. and 4. for |(7/4)v/N]| times.

6. Measure the first n qubits in the computational basis and examine the n bit string

outcome z,,.

Grover showed that after this protocol the probability of x,, being the integer w is P, >
1 — 1/N. As the probability of the measurement outcome being w is almost unity after
calling the black-box function f(z) for O(v/N) times, one can identify w with almost
unity probability, which corresponds to the succession of the search algorithm.

We shall consider the analysis of the protocol and the meaning of each operators
U and Dy in order to understand how the algorithm works. We focus on the unitary

evolution of the n 4+ 1 qubit state. The initial state of the system is defined in the Step

3The symbol @ represents the ezclusive or operation on a binary number. Therefore, the qubit |b) is
flipped only if f(x) =1, such that |0 0) =10), [1®0) =|1), |0® 1) = |1) and |1 & 1) = |0).
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1 of the protocol described in the previous paragraph as |¢;) = |[0)®"|1). This is a state
with n qubits in the 0 state, with an additional qubit in the 1 state is attached. First

consider the state of the qubits after Step 2, which can be calculated as

n+1 ®n _ 1 T i —
|62) = U""|0) ‘1>__Nxe%}"’ >®\/§(\0> 1)) (3.5)
1 N -1 1
= (_m'“’) 5 M) © (0~ 1) (3.

In the first line, the Hadamard operator created the uniform superposition state of all
qubits. In the second line, the n qubit state is separated using the marked state |w) and
lwi) =>4, [7)/V N — 1 which is the state spanning the subspace excluding the marked
state. Now consider the state after the Step 3,

65) = Uplon) = (%Nru» + \/%w) 950 f@) ~ 16 /@) 67

1 1 N -1 1
:\/_N|w>®ﬁ<‘1>_ !O>)+\/T|U&>®E(’0>—‘1>) (3.8)

1 N -1 1
- (—TNM T \/Tw) ® (0~ 1)) (3.9)

In the first line, we can see that the operator Uy is only acting on the ancilla qubit. Since
f(z) takes the value 1 only if the attached n-qubit state is |w), and takes the value 0
otherwise, the ancilla qubit is flipped only when z = w (second line). Form the third
line, notice that finally the action of operator Uy is to flip the phase factor in front of
the marked state. If we view the search space consisting of n spins as a two dimensional
space spanned by the states |w) and |w, ), the transformation by Uy can be illustrated
as in panel (b) of Figure B2. Next we consider the state after Step 4. Noting that the

Grover’s diffusion operator can be written as Dy = —I + 2|¢p2) (¢, we get

64) = Dylés) = (1 +2ign) ) lon) & —=(10) = 1) (3.10)
1
= —lés) + 2{aalen) 60} © = (10) — 1)) (3.11)

The transformation by Dy can be illustrated as in panel (c) of Figure B2. The vector
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|p3) is reflected against the vector |¢o). Now we see that the resulting vector |¢4) is closer
to the marked state |w). The operator Dy can be also interpreted as a operator to mix
amplitudes between all pair of computational basis states, which can be understood from

the matrix representation in Eq. (B4).

|Wl> |WL) IWJ_)
[¢3) [¢2) |¢3) [¢2)
192) = Z"" ' i (B219:)16)

[#4)

lw)

lw) ' ' [w)
—w)/NN lw)/VN

(a) Step 2 (b) Step 3 (c) Step 4

Figure 3.2: Each step of the Grover’s algorithm (defined in main text) illustrated as a vector rotation in a
two-dimensional space spanned by |w) and |w.). |w) is the marked state and [w1) =", |z)/VN —1
spans the rest of the space. The red vector |¢y) is the state of the n qubits after step k. (a) The uniform
superposition state of N = 2" basis states. (b) After the oracle operator Uy is applied, the vector is
reflected against the axis |w ). (c) After the diffusion operator is applied, the vector is reflected against
the vector |¢2) in the previous Step 2.

The sequential application of the operators Uy and Dy to the state is the single iteration
of the Grover’s algorithm. This iteration is repeated to gradually rotate the state towards
the marked state |w). Defining the inner product (¢s|w’) = cos = /N — 1/N, the
angle between the states |w) and |¢o) is 6. After applying the operators U; and D; to
the state |¢y), now the angle between the resulting state |¢4) and |w™) is increased to 36.
We can see that the angle is increased by 26 at each iteration. Therefore, the state of the

system after k iterations can be represented as
|¢) = sin ((2k + 1)8)|w) + cos ((2k + 1)0)|w™). (3.12)

The key of the Grover’s algorithm is to measure the state |¢) in the computational basis
when the probability P, = [(w|¢)|? = sin? ((2k + 1)f) is maximized (i.e. when the prob-
ability that the outcome of the measurement being w is maximized). This is achieved
when sin® (7/2) = 1, which gives the optimal number of iterations k = 7/46 — 1/2. One
note is that k& has to be an integer, and thus we write k = 7/40 — ¢, where 0 < § < 1.
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Substituting this into P, = sin® ((2k + 1)8), we get

P, = sin® ((1/2) + (=26 + 1)) (3.13)
= cos? ((—26 +1)0) (3.14)
> cos’ = (N —1)/N =1~-1/N. (3.15)

This proves the probability of the success of the Grover’s algorithm, P, > 1 — 1/N. If
we consider N > 1 such that § ~ sinf = 1/ V/N, the optimal number of iteration is
k = |(r/4)vV/N|, as provided in the step 5 of the protocol.

An intuitive understanding of the Grover’s algorithm is that, (i) the quantum state
of the system is initialized as a uniform superposition state, (ii) the state is transformed
to a state that is localized on the marked state |w) after using the black box unitary for
O(V/N) times, (iii) and the measurement conducted on such localized state identifies the
number w with almost probability 1. See Figure B33 which illustrates such transformation
of the sate. Unlike the classical search, we can view that the integers x is processed in
parallel as a quantum superposition state. However as we can only obtain one information
(outcome) from the measurement of the state, the unitary transformation amplifies the

probability of measuring the outcome we are aiming to get.

[¥(0)) l(6))
|x) t m ' |x)

lw)
Uniform superposition Repeat 0(vN) times Localized state

Figure 3.3: Illustration of the state transformation in the Grover’s algorithm. Repetitively applying
the black box unitary operator for O(v/N) times on the uniformly superposed initial state, the state is
transformed to a localized state on the marked state |w). By measuring the final state in the {|z)} basis,
the solver can identify the index of the marked state with probability approximately equal to 1.

Importantly, the Grover’s algorithm is not the only construction of the algorithm to
solve the unstructured search problem. An alternative construction of the algorithm is

known as the spatial search algorithm, which will be introduced in the following sections.
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3.3 Introduction and literature review of the spatial

search algorithms

Origin of the spatial search problem The spatial search problem is an alternative de-
scription of the unstructured search problem, which adds a restriction to the unstructured
search (see Figure B4). The restriction added to the problem is the spatial configuration
of the database, which gives constraint on how one can explore the search space. In the
Grover’s algorithm, the unitary operator Dy applied on the states was just constructed
mathematically as an operator to rotate the state towards the marked state. However, is
this operator physically realizable when the database is embedded in some physical space?
If one considers some motion in a physical space, the space has certain constraints in the
degrees of freedom. This can be imprinted as the locality of the unitary operator, for
example a situation where a particle is moving on a spatial space such as a d-dimensional
grid. Here the particle is constrained to move locally between nearest-neighbouring sites

at each step.

Add physical restrictions

[$(0)) '/ [ () /\
[x) t n ' |x)

lw)
Uniform superposition Repeat 0(VN) times Localized state

Figure 3.4: Spatial search is originally formalized as the variation of Grover’s algorithm where some
physical restrictions are considered during the unitary transformation. An example of such restriction
can be the locality of the unitary operation, or equivalently the spatial configuration of the data.

To give a concrete example, imagine a two-dimensional square lattice of size VN x vV N
and hence there are NN lattice points in total. Assume each of these lattice points holds
one piece of data. Formally, we label the lattice points with the basis states {|i)} =
{1,2,...,N}. We again assume we have a black-box function f(z) : {1,2,--- ,N} —
{0,1} satistying Eq. (B), and consider the task to identify the integer w. Assume we
place one particle on one of the lattice points. The particle has the freedom to move to
the neighbouring lattice points (up, down, left, or right) at each time step, and allowed to
call the black-box function which flips the phase of the coefficient on |w) [see Eq. (B)].

In this situation, the way the particle can explore the search space will be restricted by
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the lattice structure, as illustrated in Figure BZ3. In the unitary operator perspective, the
Grover’s diffusion operator Dy defined in Eq. (B4) has to be replaced to another unitary
operator allowing only local hopping. This is because D; allows the particle to hop to
every single site with equal weight in a single time step (which can be seen from the fact
that all off-diagonal entries of Eq. (84) is non-zero). Given such spatial constraint, how

would the time complexity change compared to the original Grover’s algorithm?

Figure 3.5: Benioff’s problem illustrated as a situation to find a marked state |w) on the two-dimensional
lattice using a quantum particle hopping locally between adjacent sites.

The first work that considered such search problem was by Benioff [34] in 2002. Benioff
considered the situation where the database is embedded in the two-dimensional lattice,
and considered a quantum particle (stated as quantum robot in the original paper) that
is allowed to make local moves to the adjacent lattice site at each time step. The state of
the quantum robot is represented by the linear combination of the N position basis state.
Utilizing the nature of of quantum mechanics, the initial state of the quantum robot is
prepared as the uniform superposition state of all positions, |s) = Zfil i) /v/N. This
corresponds to the initial Hadamard operator applied to all of the qubits in the Grover’s
algorithm. The local move to the adjacent four sites is done by applying a unitary operator
Dioe = 3, , lo+1)(z]+ |z —1)(z[+|y+1)(y[+|y—1){y|. This corresponds to the diffusion
operator Dy in the Grover’s algorithm, although in this case the diffusion is limited to
the adjacent four states. After the local move, the oracle operator is applied, which flips
the phase of the position state |w) corresponding to the marked state. Now the question
is the time complexity of this algorithm. How many time steps of the above iteration is
required in order to measure the marked state with approximately probability 17

Benioff stated that the time complexity of this algorithm is O(N), which is no better
than the classical brute-force search. This suggests that on a physical, locally distributed
database, a quantum search algorithm cannot achieve the quantum speedup of O(\/N ),

the optimal search time that was achieved by the Grover’s algorithm. The intuitive reason
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for this is the slow diffusion of the complex amplitudes on the two-dimensional lattice.
On a two-dimensional lattice, it would take O(v/N) time steps for the quantum robot to
diffuse over the lattice and interfere with each other to simulate the Grover’s diffusion
operator D; (application of Dj,. for O(v/N) times, while the Oracle operator is also
applied between each Dj,.). This comes from the fact that the size of the square lattice
consists of N lattice points is v N x v/N, and the robot is restricted only to move to the
adjacent box at each step. As we need O(v/N) iterations of the above process to amplify
the complex amplitude of the marked state, the total time complexity is [O(v/N) oracle
operations] x [O(v/N)] time steps for the diffusion] which results to O(N).

At a glance, the above explanation is reasonable. The reason for the slowdown against
Grover ’ s algorithm is due to the locality of the unitary operator. This also clarifies that
the Grover ~ s algorithm is not considering any physical setting of the database, and the
algorithm is considered on a search space with no restriction. The Grover’s algorithm is
assuming a global operation where the particle can explore the whole Hilbert space in one
step. Such operation is physically unrealistic as N grows larger, the Benioff’s problem

raised this fact.

Further investigation on Benioff’s problem After the seminal work by Benioff,
different authors have investigated the problem of quantum search on the locally constraint
search space (namely the spatial search). Remarkably, Benioff’s result was re-considered
and improved by Aaronson and Ambainis [35] in 2003. They proposed a clever quantum
query algorithm to solve spatial search on an arbitrary undirected graph, not limiting to
the two-dimensional lattice. Moreover, they mathematically formalized the physics of the
database in terms of local unitary operators. The main results derived from the proposed
algorithm was that they could find a marked node with optimal time O(v/N) for a cubic
lattice of dimension three or higher, and O(\/N log®? N ) for a two-dimensional square
lattice. This showed that with some effort a search faster than the classical algorithm
can be still achieved on a local database. Their essential idea was to divide the lattice
into sub-squares. For instance, consider dividing the two-dimensional lattice into v N
sub-squares. The quantum robot placed at the edge of the lattice can travel to any
sub-square within time steps of 2v/N steps. Within the sub-region the robot classically
searches for the marked node locally which takes O(v/N) steps. If the marked node exists
in the searched sub-square, the phase of the state of the robot is flipped. Subsequently,
the robot travels back to its initial position within 2v/N steps. At this point, a total of
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5v/N time steps at most are consumed. Now, if we assume such local searching process
using a uniform super position state of the robot and apply the Grover’s algorithm, the
total complexity is O(NY4) x 5v/N = O(N34). The first term O(N*) comes from the
square root of O(\/N ), the time complexity of the Grover’s algorithm on VN sub-squares.
For the two-dimensional square lattice, Aaronson and Ambainis found a lower bound of
the time complexity to be O(\/N log®? N ) by dividing the lattice into N'/3 sub-squares.

After this, in 2005, Ambainis, Kempe and Rivosh [B6] gave an algorithm based on
discrete-time quantum walk on d-dimensional lattices (known as AKR algorithm) which
achieves optimal search O(v/N) when d > 3 and O(v/Nlog N) for d = 2. This generalized
the previous algorithm by Aaronson and Ambainis using the framework of discrete-time
quantum walk. In 2004, Childs and Goldstone [26] proposed an analogous continuous-
time quantum walk algorithm to solve the spatial search. The difference of Childs and
Goldstone’s algorithm from the previous work (including the Grover’s algorithm) was
that their unitary operation is the continuous time-evolution operator generated by an
Hamiltonian, instead of a consecutive application of unitary operators. Their algorithm
achieved to search with optimal time O(v/N) for d > 5, and O(v/N log®?* N) for d = 4,
but no faster than classical for d < 3. The continuous-time quantum walk framework
given by Childs and Goldstone was simple that this paper led to a various study that
investigate the time complexity of the search on different types of graphs. Essentially, the
search by continuous-time quantum walk can be analyzed on any graph if the adjacency
matrix of the graph is given. The hardness of the analysis of the search time complexity
comes down to the hardness of analyzing the eigenstate and eigenvalue structure of the

graph, which has strong connection to spectral graph theory.

List of works on the spatial search algorithm and the general goal of the
analysis Let us list up some results from the various work dealing with the spatial
search algorithms using quantum walks, and summarize the general goal of this field.
The main topic of the seminal papers by Ambainis, Kempe and Rivosh [36] or Childs
and Goldstone [26] were to analyze the search complexity for d-dimensional lattices. Build-
ing up on these work, searching quickly on periodic lattices is one of the big topics in the
field. Their essential results are listed in Table BTl. Essentially, using discrete-time quan-
tum walk, optimal search is achieved when d > 2 (O(v/N log N)), and using continuous-
time quantum walk, optimal search is achieved when d > 4 (O(vV/N log®?* N)). d = 2 and

d = 4 seem to be the critical dimensions where the discrete or continuous-time algorithms
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can perform optimally or not. Whether one can construct an algorithm to speed up the

search at these critical dimensions to O(v/ N) is an open question.

Table 3.1: List of the time complexities of the spatial search algorithms on d-dimensional
lattices using quantum walk.

d | Discrete-time [B36] | Continuous-time [26]
>5 O(VN) O(VN)
O(VN) O(v/Nlog®? N)
O(VN) O(N)
O(v/Nlog N) O(N?/log® N)

N W

The the best speedup achieved on the d = 2 lattice so far is a algorithm proposed
by Tulsi [37], achieving the complexity of O(y/Nlog N). In Tulsi’s method, an ancilla
qubit is attached to the Hilbert space of the database, which boosts the success prob-
ability (probability to measure the marked state after the unitary operations) up to a
constant. The complexity O(v/N log N) given by AKR algorithm is actually composed of
two elements; O(+/N log N) time steps to localize the state on the marked state, and the
probability to measure the marked state, that is O(1/4/log N). The total time complexity
is derived by multiplying the time steps with the inverse of the success probability, that
gives O(\/N log N). Such multiplication is necessary, since to obtain the correct result
one needs to repeat the algorithm at least 1/P times when the probability of success is
P. As Tulsi’s method boosts the success probability to O(1), the total time complexity
improves.

Observing from Table BT, the critical dimension to achieve optimal search for the
continuous-time algorithm is d > 4, which is higher than the discrete-time case. The
reason of such difference comes from the dispersion relation of the Hamiltonian or the
unitary operator representing the d-dimensional lattice. The Hamiltonian used in Childs
and Goldstone algorithm is based on the tight-binding Hamiltonian of a single electron
bounded on a d-dimensional periodic lattice crystal (this will be formally introduced in
Section Bhl). One can show that since the dispersion relation w(k) of a cubic lattice is
quadratic, the energy separation between the ground and first excited state is F (k) — Ey ~
|k|?> ~ N=2/¢_ The optimality of the spatial search can be roughly predicted by comparing
this with the energy separation of the perturbed Hamiltonian, AE = N~Y/2. The critical
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dimension is d > 4 since the ratio AE/N~2/? goes to 0 as N — oco. This shows that the
larger energy separation between the ground and first excited state of the tight-binding
Hamiltonian is a important factor that determines optimal search.

Such critical dimension reduces to d > 2 when the lattice has a linear dispersion rela-
tion, since E(k) — Ey ~ N~Y4. The unitary operator used in the discrete-time algorithm
shows this linear dispersion relation due to the internal degree of freedom of the quantum
walker [B6]. Childs and Goldstone has soon utilized this fact in their later work [38], by
using the Dirac Hamiltonian for the continuous-time search algorithm, which possesses
a linear dispersion relation due to the internal spin degree of freedom. Their method
allowed to search optimally for d > 3 and O(\/N log N) for d = 2. This direction led
to the work by Foulger, Gnutzmann and Tanner [39], who considered a continuous-time
algorithm on a hexagonal (graphene) lattice instead of a cubic lattice. A hexagonal lattice
(d = 2) naturally possesses a linear dispersion relation near the K point, thus allowed to
search with complexity O(\/N log®? N ) without requiring the internal degree of freedom
of the quantum walker. Afterwards, Childs and Ge [40] generalized the search on hexag-
onal lattice by discussing how to configure the lattice topology to give a linear dispersion
relation on the lattice. However, despite all the challenges, no algorithm have been found
that searches optimally on d = 2 dimensional lattices. Additionally, there is no proof
to say searching optimally on a two-dimensional lattices is impossible. This is still and
interesting open question in this field.

Another direction in the field of spatial search is to explore what kind of graphs other
from lattices can achieve optimal search. For example, Childs and Goldstone [26] proved
that optimal search by continuous-time quantum walk is possible on the complete graph
and the hypercube®. Janmark, Meyer and Wong [41] analyzed the search on strongly
regular graphs, and derived that the search is optimal for known classes of strongly reg-
ular graphs. Their result indicated that unlike complete graph or hypercube, a global
symmetry of the graph is not a necessary condition for optimal search. Novo et al. [47]
developed a systematic method to reduce the dimension of the graph’s adjacency ma-
trix, which helps when analyzing the spatial search or more generally, continuous-time
quantum walk on graphs. They applied their method on star graphs, complete bipartite
graphs, and complete graph with broken links, where all graphs achieved optimal search.

Meyer and Wong [43] analyzed the search on a joint complete graph (two complete graphs

4A hypercube of 2% = N nodes is a regular graph whose degrees are n. The edges are connected
between nodes whose hamming distance is 1.
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joint by a single edge) and a simplex of complete graphs (a simplex with each vertex re-
placed by a complete graph). The former graph possessed optimal search while the latter
did not. This result gave a counter example to the intuition that high connectivity of
the graph is one indicator for optimal search; there are examples where graphs with low
connectivity may possess optimal search. Chakraborty et al. [44] analyzed the search on
Erdos-Rényi random graphs. This is a probabilistic graph model where an edges between
every pair of nodes exists with a constant probability p independent of all other edges.
Chakraborty et al. proved a powerful lemma indicating that a certain large gap in the
eigenvalues of the graph (which means the need of certain large connectivity) is a sufficient
condition for optimal search. Their analysis clearly proved that a very high connectivity
like a complete graph is unnecessary, and we can cut links from the complete graph up
to a threshold value while keeping the fast speed of the search.

Given a lot of instances of graphs that possess optimal search, the ultimate goal for
spatial search on arbitrary graphs is to find out and formulate the necessary and sufficient
condition of the graph for optimal search. In other words, we want to formulate the success
criteria of spatial search. We want a criteria such that when we give a particular instance
of graph, the criteria determines whether it possesses optimal search or not with some

systematic analysis. However, finding this criteria still seems to be a challenging path.

Moving toward spatial search on heterogeneous graphs Still few, but some work
moved toward exploring inhomogeneous or non-regular graphs where to analyze the spatial
search algorithm. Such graphs are different from lattices or highly symmetric graphs
mentioned above due to the unequivalence of the nodes. Therefore, the dynamics of the
quantum walker can be complex and different depending on which node in the graph
is marked. Agliari et al. [45] explored spatial search on fractal structures such as the
Sierpinski gasket and the Cayley tree. They studied how the transition in the eigenstates
of the Hamiltonian depends on the marked node. Berry and Wang [46] studied spatial
search using the discrete-time algorithm on the Cayley tree, and examined the relation
between centrality measures of the graph and the time complexity of the spatial search.
Philipp et al. [&7] examined the continuous-time algorithm on balanced trees, and derived
that the search performance changes depending whether the marked node is towards the
root or the leaves of the graph. Glos et al. [48] examined how the inhomogeneity of a
random graph causes variation to the optimal measurement time of the search algorithm.

This thesis is especially focusing the interest on this direction; how the spatial search
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algorithm behaves on a complex and non-regular structure.

3.4 What this thesis tackles in the field of spatial

search

Based on the review of the field in the previous section, here we explain the motivation
and aim of this thesis’ analysis. Our aim and its analysis on the spatial search problem

is composed of two individual parts.

Part 1: Spatial search on the long-range percolation
graph

In this part, we approach to the spatial search problem from the perspective of connectivity
of the graph, and examine explicitly how the time complexity of the search changes
depending on the connectivity. We consider the spatial search algorithm using continuous-
time quantum walk (CG algorithm) on a graph known as the long-range percolation (LRP)
model.

The LRP model [49-51] is a probabilistic graph generation model where we initially
have periodic lattice points (say a two-dimensional square lattice), and generate edges
between lattice points i and j with probability p;; = | — j|~*. Here, |i — j| is the
Euclidean distance between the lattice points and o > 0 is a constant taking real value.
As the probability p;; is defined as a decaying function of the Euclidean distance between
the lattice points, the non-nearest neighbour will be more likely to be added between
spatially close lattice points (see Figure BID.

Our motivation of analyzing spatial search on the LRP model is to first discuss the
effect of connectivity of the graph on the spatial search algorithm. This was also discussed
in the work by Chakraborty et al. [44] using the Erdos-Rényi random graph, but the LRP
model considers more of a physically realistic situation as the probability to generate long-
renge edges decays with the distance of the nodes. Distance-decaying functions naturally
arise in the nature such as the coulomb interaction. On the other hand, the Erdos-Rényi
random graph generates edges between nodes with a constant probability. We analyze

the search by gradually changing the connectivity of the graph from a periodic lattice (a
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local structure) to a fully connected graph (non-local structure).

We will show that there exists a threshold connectivity where the time complexity
of the search switches from optimal O(v/N) to non-optimal. This threshold will be rep-
resented by a critical value of the exponent o = a.. We will also examine some graph
properties of the LRP model such as average degree, diameter and clustering coefficient,
which we will discuss some relation between these properties and the time complexity of
the search. From the analytical calculation of the average degree, we will show that the

LRP model has a improved connectivity threshold over the Erdos-Rényi random graph.

Part 2: Spatial search on the Bollobas scale-free network

In the second part we explore how the time complexity of the spatial search algorithm
behaves in a real-world complex network structure. Although the spatial search on various
graphs have been investigated in the literature, spatial search on complex networks or
real world networks have been almost never unexplored, to the best of our knowledge.
Complex networks are important class of graphs as they represent the common structures
that appears in the social and natural system. We go beyond lattice or regular structures,
and analyze the spatial search algorithm on a scale-free network, which is one of the most
important class of complex networks.

We select a probabilistic network generation model known as the Bollobds model
[62, 53] where to analyze the spatial search algorithm. This model essentially simulates

the preferential attachment rule to generate a network with power-law degree distribution

P(k) < k7°. (3.16)

Here, k is the degree of a node while 5 > 2 is a real constant value. This degree distribution
represents that most nodes in the network have small degree, while some few nodes has
very large degree (corresponding to the tail of the power-law distribution). We call the
node having the largest degree as the hub node.

We will first show that the speed of the spatial search will greatly depend on the
properties of the marked node. These properties can be for example the degree, shortest
path distance from the hub, or some centrality measures. This is a critically different
result compared to periodic lattices, since all nodes are equivalent due the translational

symmetry, and they all share the common property. We analyze the distribution of the

63



3.5. PRELIMINARIES OF THE SPATIAL SEARCH ALGORITHM

search time which is well fit to a multimode log-normal distribution.

To characterize the relation between the network structure and the performance of the
search, we examine the correlation between some centrality measures of the network and
the time complexity of the spatial search. We find a strong correlation to the eigenvector
centrality and closeness centrality. We also show how our results are different from the
classical random walk process to search for a marked node, which has high correlation to
the degree centrality. These observations cannot be seen from purely random graphs [44],
and this is another critical difference from the previous studies. We also point out one
advantage of using a scale-free network for the spatial search, which is that one can
perform the search starting from a localized initial state instead of a global superposition
state conventionally used in the spatial search and Grover’s algorithm. Taking advantage
of this fact, one can naturally translate the spatial search to a efficient state transfer
protocol between the hub node and another arbitrary node.

These results indicate that the hub node in the scale-free network plays a crucial role
on the quantum dynamics, and the distance measures of the network is one important

factor that determines the time complexity of the spatial search algorithm.

3.5 Preliminaries of the spatial search algorithm

3.5.1 Definitions of the spatial search algorithm by continuous-

time quantum walk

Here we start by formally defining the spatial search algorithm we are going to examine.
The comparison with the Grover’s algorithm explained in Section B2 is summarized in
Figure B@. The essential difference between the Grover’s algorithm and the spatial search
algorithm we analyze here is that the latter uses a continuous-time evolution during the
algorithm, as well as having more freedom in defining the diffusion operator corresponding
to Dy defined in Section B2, Eq. (84).

Define G(V, E) as a graph with a set of nodes V' = {1,2,...,4,..., N} and a set
of edges E. We consider an N-dimensional Hilbert space spanned by the basis states
{1),12),...,1]9),...,|N)}, and assign each states to the N nodes of the graph G(V, E).
We will call these states as node basis states. We view that each state corresponds to the

situation where a quantum walker or a single excitation is localized at node 7. Quantum
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walk is a coherent quantum dynamics where quantum particle(s) hop between the nodes

of graph. We define the state of the quantum walker at time ¢ using the node basis states

as

(3.17)

9(0) = i)

=1

with the complex amplitudes ¢;(t) constrained such that Zf\il le; (D)) = 1.

Grover’s algorithm

Spatial search algorithm

Al = {laraz . andlay,...an=01
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={0..00),10...01), ..., |1...11)}
= n-qubit (N = 2™ dimension)
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N
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A : Adjacency matrix (diffusion term)
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(Definition in Section 3.5.1)
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=1-1/N

P = [(w| exp(—iH;t/h) [ (0))I?
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Search time

Always 0(v/N) since the definition
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Depends on the structure of A.
Fastest case is O(vN) when 4
corresponds to the complete graph,

A= N[pO))yp(0)| - L

Figure 3.6: Correspondence between the Grover’s algorithm and the spatial search algorithm.

In order to search for a single marked node which we label as |w), we define a search
Hamiltonian that gives constraint to the system and generates the time evolution of the

quantum walker. Following Childs and Goldstone’s [26] definition, the search Hamiltonian
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is defined as
H, = —7A — €, |w){w] (3.18)

= =12 Ay (] + 1)) — ewlw) (w]. (3.19)

Here, A is the adjacency matrix of graph G(V, E') whose entries are defined as A;; = A;; =
1 if nodes ¢ and j are connected by an edge e;; € F, and A;; = 0 if no edge exists between
¢ and j. The real value constant 7 > 0 globally controls the transition energy between
the node basis states. €, > 0 is the on site energy on node w. With some appropriate
balance of the parameters v and €, (we fix €, = 1 in most cases), the adjacency matrix
term causes the complex amplitudes of the quantum walker to diffuse over the graph,
while the projection |w)(w| term causes the amplitude to accumulate and localize on the
marked node w. This term corresponds to the Oracle part of the search algorithm.

In some cases, the adjacency matrix term can be instead replaced by the Laplacian
matrix L of the graph. Here, L is defined as L = A — D, where D = S.%  k;[i)(i| is
a diagonal matrix with its diagonal entries D;; corresponding to the degree of node 1,
k; = Zjvzl A;;. For the dynamics of the quantum walk, the diagonal terms acts as the
on-site energy of the tight-binding Hamiltonian. If the graph is regular (i.e. all nodes
have equal degree k; = k), these diagonal terms only affects the global phase of the state
since D = kI. If the graph is non-regular, these on-site energies can affect the dynamics
non-trivially.

Now we consider the unitary time evolution of the system which is given by the

Schrodinger equation, p
th— (1)) = Hi[(2))- (3.20)

Assume that we make a measurement in the node basis at a time ¢, the probability of
getting the outcome |w) (in other words the probability to measure the quantum walker
on node w) is P(t) = |(w|exp (—iHt/h)[1(0))|*>. The goal of the spatial search algorithm
is to maximize P(t) (make P(t) as close as possible to 1) with shortest ¢ possible. Such
manipulation of the measurement probability can be achieved by properly adjusting the
the parameters v and ¢, and this will be further explained in the following sections.

The time complexity of the spatial search algorithm or the “search time” T, in units of

€w, 18 evaluated by finding the shortest time ¢ = 7 that maximizes P(t). As one can find
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the quantum walker on node w with probability P(7) at the optimal measurement time 7,
the algorithm can identify the marked node with success probability P(7). This concept
of success probability is very fundamental for quantum algorithms and has to be always
taken into account since measurements in quantum systems are always probabilistic. The
simple way to take the success probability into account of the time complexity of the
search algorithm, is to consider the repetition of algorithm for 1/P(7) times. For example
if P(7) = 1/3, we need to repeat the algorithm from the beginning for 3 times (or more) to
confirm that the outcome is the correct marked state |w). Therefore, the time complexity
of the search T is finally determined as T' = 7/P(7).

3.5.2 Spatial search on the complete graph: analytical approach

As we defined the spatial search algorithm by continuous-time quantum walk in the pre-
vious section, in this section we will explain the basic mechanism of how the algorithm
actually works. We will explain that with a proper choice of parameters y and €, (defined
in Eq. (B19) in the previous section), one can manipulate the quantum walker to localize
on the marked node with high probability P(7). We will assume that the graph where
the spatial search is considered is a complete graph (fully connected graph), in order to
make some analogy with the Grover’s algorithm, and to also make the calculation simple.
This explanation of the search on the complete graph is based the original paper by Child
and Goldstone [26].

Assume that graph G(V, E) is a complete graph (see left panel of Figure B77), where

the adjacency matrix Acomp is

0 1 1
1 0 ... :

Acomp = : y . . (321)
1 1 0

The matrix entries are all ones except the diagonals are all zeros. Let us define a state
1s) = >°._, |i)/V/N, which is a uniform superposition of all node basis states. Using |s),
Acomp can be written as

Acomp = N|s)(s| — L (3.22)

Observe that A, has a similar form as the Grover’s diffusion operator Dy in Eq. (B4).
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Now we plug Acomp into the search Hamiltonian Eq. (B19), which gives
Hy = —yN|s)(s| + 71 — e,|w)(w]. (3.23)

The term including the identity will only change the global phase under the time evolution,
so we can remove that term (in other words, we re-scale the energy by subtracting 7I). If

we choose 7 = 1/N and ¢, = 1, Eq. (B223) will become
Hy = —=s)(s| = Jw){w]. (3.24)

Note that the states |s) and |w) has an overlap of |(s|w)| = 1/v/N. If we instead rewrite
this Hamiltonian in the mutually orthogonal basis |r) = Z]\;w |i)/(v/N — 1) and |w), the
Hamiltonian becomes

irpirt - Y

H =— (i +1 1) (w]

N -1
. - ol -

1
1-— N) lw)(w]. (3.25)

Assuming N > 1, the above Hamiltonian can be simplified as

Hs:_(} T) 520

written in a 2 x 2 matrix form. This means that we have reduced the complete graph of
N nodes into simplified graph of 2 nodes (see right panel of Figure B74). Such reduction
is possible since the dynamics inside the N — 1 nodes excluding w is equivalent. As the
complex amplitudes travel between the node w and the rest with the equal rate v, we can
still capture the time evolution of the system from the reduced graph.

From the matrix Eq. (B228), now we can see that the two energy levels corresponding
to the eigenstates of |r)(r| + |w)(w| are degenerated (up to 1/N), and a perturbation is
applied which splits the eigenstates. The time evolution under this situation drives the
oscillation between the two levels |r) and |w). Diagonalizing H, we can obtain the new

eigenstates,

|Eo) = (Jw) +[r))/V2, (3.27)
1Ev) = (Jw) — )/ V2, (3.28)
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[w)

lw)

, 9

N
Y
0 ==,

Figure 3.7: Complete graph of 8 nodes (left) and its reduction to a graph of two nodes (right). As the
dynamics on the nodes except the marked node |w) is equivalent, one can reduce the nodes into a single
node |r).

up to terms of order 1/N. We defined the energy eigenstates and eigenvalues of H; as
H|Eo1) = Eo1|Eo1). We define and compute the energy gap between the two energies as
AE=FE,—FEy=2/ V/N. When N > 1, we can assume that uniform superposition state
|s) is close enough to |r) as the overlap is |(s|w)| = \/1 — 1/N. Therefore, if we prepare
the initial state as |s) and let the system evolve under the action of the Hamiltonian Hj,
the state will approximately rotate to |w) after time t = 7/AE = mv/N/2. It is important
that we are preparing the initial state |s) instead of |r), since the person who executes
the search algorithm does not know the marked state |w) in advance (i.e. it is impossible
to prepare |r) without knowing the answer of the search in advance).

Now we derived that the system constraint by the Hamiltonian H, rotates between
the states |s) and |w) if we prepare the initial state at |s). The probability to measure
the marked state P(t) = |(w|exp (—iHt/h)|1(0))|* oscillates between 1/N and 1 — 1/N
with period mv/N. If we measure the quantum walker at time 7 = 7v/N /2, the state |w)
will be measured with probability 1 — 1/N ~ 1, hence the time complexity of the search
is 7v/N /2 which is the optimal order O(v/N).

3.5.3 Spatial search on a general graph

In the previous section, we have considered how the dynamics of the spatial search algo-
rithm is determined by analyzing the eigenvectors of the search Hamiltonian H,. The key

feature of the Hamiltonian lies in the equation
Hy = —yN|s)(s| — [w){w]. (3.29)
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Here we set €, = 1 and omitted ~I from Eq. (B223). We can learn from this Hamiltonian
that state |s) is the ground state of the diffusion part of the Hamiltonian —A.um, (in
other words, the ground state of Hj is close to |s) when yN > 1). On the other hand,
state |w) is the ground state of Oracle term |w)(w| (the ground state of Hj is close
to |w) when yN < 1). All other eigenstates (excited states) are degenerated for both
Acomp and |w)(w|. Due to this isolated ground states of Aoy and |w)(w|, when v is
set to YN = 1 which equally mixes the two ground states, an isolated two-dimensional
subspace is created in the form of Eqs. (BZZ1) and (B228). In other words, an avoided
crossing between the two lowest energy eigenstates, with a energy gap of 6E = 2v/N,
were formed. Now, if we assume a general graph besides the complete graph in Hy, would
the same situation hold? The answer to this question lies in the spectral property of the
graph, especially how well separated the ground state and the excited states are.

Let’s consider an adjacency matrix of a connected, undirected graph A,. This matrix
can be decomposed by their eigenvectors and eigenvalues, as A, = Zl]\; Ai|\). The
eigenvalues are ordered such that A\ > Ay > A3 > --- > A\y. The search Hamiltonian can
be written as

Hy = =AM (Al =9 D M) ] = [w) (w). (3.30)

Here we again set €, = 1, and separated the [ = 1 term (the leading eigenvector term)

and the rest (I > 2). When we set v =1/,

N

Al
Hy = —|A) (M| = IZ; A—1|Az><M — |w)(w| (3.31)
= —[A) (M| = |[w) (). (3.32)
Here we defined the last term as

N A

. l
) (0| = ZA—IIMWI + w){w]. (3.33)

=2

We have written the Hamiltonian in the similar fashion as Eq. (B224), although the latter
term got a correction due to the higher energy levels. From Eq. (BZ32), we can see that

if we start the dynamics from the initial state |\;), the state will rotate to |w) with time

t = [(A|w)], since [{(N]Am)| = dim.
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Recalling the case of the complete graph, the eigenvalues of Agppp is Ay = N — 1
while Ao = —1. Therefore, the ratio A\;/A; quickly approaches to 0 as N — oco. And
thus |@w) = |w), which matches Eq. (BZ4). From this treatment, we can see that all
graphs whose eigenvalue ratio A\;>2/\; converging to 0 in the N — oo limit can achieve
optimal search. This means that the graph has to have a large spectral gap, which
generally requires the graph to be highly connected. In the other extreme case where the
eigenvalue ratio is Aj>2/A; — 1 as N — oo, the search algorithm would not work as the
dynamics starting from |A;) highly leaks out to the higher energy levels through |w).

In the intermediate region of 0 < (Aj>2/A1) < 1, the dynamics will be non-trivial
depending on the actual structure of the eigenstates |\;). We need to know the full
spectrum and eigenstates in order to exactly know the dynamics, but we can still extract
important information from Eq. (B532). Let us write the two lowest energy eigenstates of
Eq. (B332) as

|Eo) = (@) + [Ma))/ V2, (3.34)
|E1> = (W)> - |>\1,@>)/\/§7 (335)

where |\ 5) is a state that approximately achieves |(0|A )| = 0. We assume |[(w|Aq)] is
small (up to order of 1/v/N) so that |\ 4) is very close to |A;) as N — co. By considering
the characteristic equation Hy|Ep 1) = (—Ay/ A\ —|w)(w|)|Eo1) = Eo1|Eo1), we can derive
that

AE = B — Ey = 2|/(\|w) (w]d)]. (3.36)

We can extract important information from Eq. (BZ3G).

1. By starting the dynamics from |A;), the state will rotate to |@) with time 7 =
7/AE = 7/2|(\|w)(w|w)|, which is the necessary length of time evolution that

maximizes P(7).
2. The success probability is P(7) = [(w|w)?.

The first point tells us that 7 will depend on the w-th component of the leading eigenvector
of A,, which can be different depending on w. If the graph is regular, |\;) is always
uniform vector |s), which gives |(s|w)| = 1/v/N independent of N. For non-regular

graphs (including complex networks we are going to deal with), the components are non-
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uniform. The second point tells us that the success probability will depend on how much
the dynamics can stay within the two dimensional subspace spanned by |\;) and |w).

It is important to note that there are cases where v = 1/); is not the optimal choice
to obtain the best time complexity for the given graph. From our observations from
some numerical analysis in the later sections, the optimal value of v that maximizes
P(7) (without increasing 7 substantially) tends to take a value smaller than 1/A; as the
connectivity of the graph decreases. This is probably because « also has a role to suppress
the higher energy level terms (the second term of Eq. (B=30)).

In summary, we can clearly see that the dynamics and time complexity of the spatial
algorithm crucially depends on the structure of the energy eigenspace of the graph. Op-
timal search can be achieved on graphs whose largest and second largest eigenvalues of
the adjacency matrix are well separated. In terms of the difficulty of the analysis, eigen-
vectors and eigenvlaues of some simple graphs can be obtained analytically, but generally
this is a difficult problem especially when the graph is a complex network. One needs to
use numerical diagonalization or simulations of the quantum walk dynamics in order to

obtain the time complexity of the algorithm.

3.5.4 Numerical method to analyze spatial search

In this section, we develop a numerical strategy to efficiently compute time complexity
of the spatial search algorithm. In principle, if all of the eigenvalues of the adjacency
matrix can be obtained analytically, we can derive the time complexity with some ana-
lytical calculations. However, this is a very rare case and especially for complex networks
analyzed in this thesis, we need to rely on numerical calculations. Additionally, we need
to run computations such as diagonalization and matrix exponentiations of large matrices
(dimensions up to order of 10%) to obtain reliable results both in the perspective of sta-
tistical convergence of the network models, and the perspective of algorithm evaluation
(as we are interested in the scaling of the time complexity in the large N region). In the
following paragraphs, we will see step by step how we can numerically analyze the spatial
search algorithm for any graphs. At the end of the section, in Figure B9, the flow of the

analysis is summarized.

1. Optimization of v Let’s assume that we have a search Hamiltonian H, = —vyA,; —

w)(w| we would like to analyze. We assume the adjacency matrix A, is given, and we
y J y g 158
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have selected a certain node w to search for. First of all, we need to find the optimal
value of v = 7, which equally mixes the ground states of A, and w, and drive the
transition between the states |A;) and |w) defined in Eq. (8232). The optimization of ~ is
necessary for the algorithm to run in a most efficient way, which means that setting v to
an non-optimized value can lead to low success probability P(7).

To understand how we can find the optimal 7, we will look at how the eingenvalues
and eigenstates of Hy depends on 7. See Figure BR. We have plotted some quantities
relevant to the dynamics of the spatial search against + First, we can observe that AF =
E, — Ey, the energy gap between the first excited state and the ground state of Hj,
takes a curve which has a minimum at a certain value of 7. Remember that at v = 0,
H; = —|w)(w| and thus AE = 0 — (—1) = 1. Increasing v from zero, the gap starts
to shrink, take a minima, and starts to open up where the effect of the term —|w){w|
becomes negligible. Conclusions first, the point where AFE takes the minimum value is
where the avoided crossing between the two lowest energy eigenstates is formed, and
thus this point corresponds to the optimal value v = 7,,. This is further supported
by looking at the quantities [(A;|E1)|? and |(\|Ey)|?, the squared overlaps between the
leading eigenvector of A, and the two lowest eigenstates of H,. The quantities take
[(\|Eo)|? & [(A1|E1)|? =~ 0.5 where AFE takes the minimum, indicating the equal mixture
of the eigenstates (i.e. formation of Hy = —|A;)(A;| — |@)(w|). It is also interesting to see
how the quantities [(w|E1)|? and |(w|Fy)|* behave. Sum of these quantities indicates the
success probability P(7), since this measures how much the state |w) communicate with
only with |A;) and not with the higher energy levels.

Therefore, in order to find 7.y, we need to compute two smallest eigenvalues of H,
(which are in most cases the eigenvalues with the largest two magnitude), and mini-
mize against . This is actually computed numerically using the power method. In the
procedure of the optimization, we initialize v at 1/\; (again A; is computed via power
method), and minimize AFE by shifting v by 0y = 0.01 x 1/A; at each step. As Ey, Fy or
A1 are eigenvalues with large magnitudes, they are rather easily computed that the other

eigenvalues that could be small in magnitude.

2. Computation of the evolution time 7 Computing the necessary length of the
time evolution of the quantum walk 7 is rather easy as 7 is given by 7 = 7/AFE, derived

in the previous section.
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Figure 3.8: Energy gap AE, success probability |(w|exp (—iHt)|s|?, and squared overlaps plotted against
the parameter . The plot is created using an instance of the long-range percolation graph (defined in
Section BBl) with size N = 1024 and « = 2. In the vicinity where AFE takes the minimum, the success
probability (blue line) takes the peak value. We evaluate the algorithm by using this peak value as the
success probability, and use AF at this point to calculate the evolution time as 7 = 7/AE.

3. Computation of the success probability P(7) Finally we need to compute the

probability to measure the quantum walker on the node |w) after the time evolution of

length 7, which is given by

P = [(wl exp (~1 Hoy (O (337)

The direct computation of the matrix exponential is a burden as it requires diagonalization
of the matrix H,. However, in our case, we just need to know the resulting state after
the time evolution [¢(7)) = exp (—+H,7%)|¢(0)), rather than the unitary operator itself.
We can use the efficient Chebyshev series expansion [b4] in such occasion. The matrix
exponential is approximated with a polynomial function and multiplied to the initial state

vector simultaneously until sufficient accuracy is achieved. This method is especially

memory and time saving if H; is sparse.
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An important factor we have left to discuss is the choice of the initial state |1(0)).
The ideal choice is |A1), which is clear from the previous section. However, in realistic
experimental settings, preparing an eigenstate of a system accurately can be a hard task.
Some eigenstate may be composed of complex amplitudes and relative phases. In such
cases we can still run the algorithm using a initial state that has substantial overlap with
|A1). Let’s say the overlap approaches to a constant, [(¢(0)|\1)| — ¢, as N — co. Starting
the dynamics from such initial state, the success probability will be only decreased by a
constant factor compared to starting from the state |A;). On the other hand, an initial
state whose overlap with the leading eigenvector decreases as the growth of N is an poor
choice as the time complexity will get an additional factor which increases as N grows.

We think the numerical strategy developed in this section is universal for computing
the time complexity of the spatial search algorithm by continuous-time quantum walk on

any connected, undirected graph.
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Figure 3.9: Flowchart of the numerical calculation of the search time.
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3.6 Spatial search on the long-range percolation model

In this section, we will present our result on the analysis of the spatial search algorithm
on the long-range percolation (LRP) model. First, we will introduce the formal definition
of the LRP model, and then present the result on how the time complexity depends on
the parameter of the network model. We discuss the behaviour of the time complexity
against the change of connectivity of the graph. After that, we show some network
measures computed on the LRP model, and discuss some relation between the property

of the network and the optimality of the search.

3.6.1 Defining the LRP model

Here we introduce definition of the long-range percolation (LRP) model. Such model
was originally introduced by Schulman [49,50], who considered the classical percolation
transition on this graph. Also, similar graph models are considered in the field of complex
network theory as a network to describe the small-world phenomena [b3,56.

The model we consider here is a probabilistic graph generation model described as
follows. N nodes are placed on the cubic lattice points of Z¢. As an example, if d = 2 we
consider the lattice points of a VN by v/N square lattice, and if d = 1 this is a simple
line of length N. We assume the lattice to have toric or periodic boundary condition in
order to exclude effects that may come from the boundary of the lattice. An edge exists
between all pair of nodes ¢ and j by a probability p;;, independently of all other edges.

Here, we choose p;; to be a power law decaying function
pij = i — 7%, (3.38)

where |i — j| is the Euclidean distance between the pair of nodes i and j, and o > 0 is
a constant taking real value. The exponent a controls the decay speed and magnitude
of the probability function, and thus controls the connectivity (average of total number
of edges) of the graph. The feature of the form of p;; is that the geometric layout our
the nodes are taken into account. Therefore, the graph will likely have edges if the nodes
are spatially close to each other, and an edge will rarely exist if they are spatially far
apart. We define the distance between the nearest-neighbour lattice points as |i — j| = 1.
This allows us to always generate nearest neighbour edges for any value of «, and put

additional long-range (non-nearest neighbour) edges on top of it. This setting also allows
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the graph to result as a simple lattice in the @ — oo limit. The graph will be a complete
graph when a = 0, since p;; = 1. As a note, if we choose p;; to be a constant value
independent of the Euclidean distance between the nodes, this model is equivalent to the

Erdos-Rényi random graph. See Figure B0 for the schematic picture.

iy
+ 'S

Figure 3.10: Schematic representation of the long-range percolation model. Assume a two-dimensional
square lattice, and long-range edges are added between pair of nodes ¢ and j by probability p;; = |i—j|~¢,
which is a power-law decaying function depending on the Euclidean distance between the nodes.

Since p;; in this form is scale invariant (i.e. does not include the system size N), we
expect the search time on this graph to be O(\/N ) in a certain region of «, which should
be 0 < a < a,. The scaling of the search time would grow with the increase of o, when
a > a.. Our primary goal is to determine «., the critical point where the search time

switches from optimal to non-optimal.

3.6.2 Time complexity of the spatial search on the LRP model

In this section we will present the critical a.. for the LRP model with d =2 and d = 1. We
will show how a is derived through the numerical calculations introduced in the previous
section.

We first clarify the setting of our analysis. The search Hamiltonian is constructed

using the Laplacian matrix of the LRP model,
Hy = —yLyp(a) — |w)(w]. (3.39)

Li,,(«) depends on the connectivity exponent a defined in Eq. (838). Additionally,
as the graph is generated by a stochastic process, the graph will not be exactly same
at each trial of the generation. Therefore, when we compute the time complexity of
the search algorithm (7 and P(7)), we compute 200 samples of them at each fixed «
and took the average. This consists of 20 samples of the graph, with 10 different nodes

chosen randomly as the marked node w. For each realization of the network, we follow the
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numerical analysis described in the previous section to optimize v, compute 7 and P(7) =
|(w| exp (—iHy7/h)[1(0))|?. 7 is the necessary length of time-evolution under the action
of Hy (i.e. the optimal measurement time), and P(7) is the success probability of the
algorithm. We evaluate the spatial search algorithm via these two quantities (details are
explained in Section Bad). When computing P(7), we choose the initial state of the time
evolution as the uniform superposition state over all nodes [1(0)) = |s) = le\il i) /V/'N,
as this state is the lowest energy eigenstate of Lj,,,.

Our result on the evolution time 7 for d = 2 is shown in Figure BT1. The figure shows
how 7 depends on « for different system sizes N. We can see that the curves stays almost

flat between aw = 0 ~ 2. The evolution time grows dramatically (especially as N is larger)

after oo ~ 2.
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Figure 3.11: The optimal measurement time 7 plotted against «, on the d = 2 LRP model. The curves
with different colours correspond to different network sizes N. The optimal measurement time grows as
« increases, which is associated to lowering the connectivity of the graph.

In order to apply a quantitative analysis, we converted 7 to another quantity we name
as the normalized energy gap, AE,orm = AEVN /2. The relation between the two is
AE,oprm = TN /27, using 7 = m/AFE. We define this quantity so that when the search
is optimal (i.e. AE = 2/v/N), AE,omm = 1. Moreover as long as AE scales as N~1/2,
AFE,orm scales as a constant O(1). The plot of AE,,., against « is shown in Figure
BT2(a). Now the curves lives within [0, 1], and we can see a single intersecting point of

the curves with different system sizes.
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In Figure BT2(b), we have shown the result on the success probability P(7), plotted
against . P(7) naturally lives within [0, 1] from definition, and we can see a similar
behaviour as the normalized energy gap. A single intersecting point of the curves with

different system sizes exists in the plot as well.
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Figure 3.12: (a) The normalized energy gap AEVN /2 = 7/N /27 and (b) the success probability P(7)
plotted against «, on the d = 2 LRP model. The curves with different colours correspond to different
network sizes N. The data points represent the averaged values of 200 samples of computation, where
error bars are not shown for the visibility of the plots (see Figure BT3). The curves intersect at o &~ 2.4
for both plots. This indicates that at o = a, the spatial search is optimal, since the optimal measurement
time scales as 7 oc v/N and the success probability P(7) scales as a constant.

Let us explain the interpretation of the result. First of all, when o = 0, a complete
graph is generated using the LRP model. As derived in the previous section, the spatial
search on the complete graph achieves optimal search with 7 = 7v/N/2 and P(7) =
1 —1/N. We can see this result is reproduced in Figure B12, at « = 0. When « is
increased from 0, the graph gradually loses edges, getting sparse. This is reflected in the
plots as the gradual decrease of the curves. However, interestingly, the curves of different
system sizes cross at one point, which is around « & 2.4 for both AFE,,,.,, and P (7). This
point is the critical . where the scaling of the time complexity switches from optimal
to non-optimal. At o = a & 2.4, The scaling of AE,,.,, and P(7) are constant as they
are fixed against the change of N. Therefore, we get 7 = 7V/N/2AE,orm = VN /2¢,
and P(7) = cp, where ¢,, cp are constants, and thus the time complexity of the search is
T = 7/P(7) = O(v/N). On the other hand, in the region of a > ., AE,pm and P(7)
decreases as N grows. This suggests AFE,,.m = f(N) and P(1) = g(N) where f(N), g(N)
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are decreasing functions of N. This straightforwardly suggests that the time complexity
is T =7/P(1) = O(VNf~'(N)g~'(N)) which is slower than optimal. As the o — oo
limit the graph is the simple square lattice, the time complexity in the region of o > a,
can be bounded by O(vV/N) < T < O(N?/log® N), referring to Table BI.

In Figure B3, we plotted AE, P(1) and T" = n/AEP(7) for N = 1024 with the
standard deviations of the data included as the error bars. We can see that the slope
of the energy gap and success probability (Figure B.13(a)] and B.13(b)) maximizes in the
region of 2 < a < 4. The standard deviation is also larger in this region. The time
complexity 7' (Figure B.I3(c]) starts to increase sharply after « = 2. We can also see that

the quantities converges to the value for the simple square lattice (the blue dashed lines

in the plots) as a increases.
We have also obtained the critical o, for the LRP model with d = 1. The results
are shown in Figure B.14(a) and B.14(b). The plots of AE, 4., and P(7) shows the same

tendency as in the d = 2 case, where we see the intersecting point at a ~ 1.3. It is

interesting that we could find that the critical a, actually exists, and their values are

slightly above the dimension of the underlying lattice, a,. > d.

3.6.3 Average degree of the LRP model at the critical connec-
tivity

In this section, we discuss the structure and connectivity of the LRP model at a., the

critical point where the optimal search is achieved. We will derive that the average degree

of the LRP model at «. scales as a constant, and compare our result with the case of the

spatial search on the Erdos-Rényi random graph.

Let us first compute the average degree of the LRP model with d = 2. We consider
how many long-range edges are actually added on the square lattice when the optimal
search was achieved. To compute the average degree (expectation value of the degree) of
node j, we sum up the edge existence probability function p;; = |i — j|=* over all pair of
nodes as,

N N
(k) = piy =Y li—il™ (3.40)
i#] i#]
We upper bound this sum by the integral of p;; over a disk of radius V2N /2, which covers

the whole lattice. Replacing the Euclidean distance as r = |i — j|, and writing the integral
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Figure 3.13: (a) The energy gap AE, (b) success probability P(7) and (c) total search time T' = 7 /(AEP)
plotted against «, on the d = 2 LRP model. The network size is N = 1024 for all plots. The data points
and their error bars are the average and standard deviation of the quantities obtained from 200 samples.
In each plot, the values computed from the complete graph and the two-dimensional square lattice is
indicated as the red solid line and the blue dashed line, respectively.
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Figure 3.14: (a) The normalized energy gap AEVN /2 = /N /27 and (b) the success probability P(7)
plotted against «, on the d = 1 LRP model. The curves with different colours correspond to different
network sizes N. The data points represent the averaged values of 200 samples of computation, where
error bars are their standard deviation. The curves intersect at « =~ 1.3 for both plots.

in polar coordinates, we can upper bound (k;) as

/m—/z

1

(r=*) rdrdf. (3.41)

We separated the contribution from r = 1 nodes into the first term of Eq. (BZ), since
the four nearest neighbour edges are generated with probability 1 in our setting. The
latter term counts the average number of long-range edges that are connected to node j.

When a # 2, the integral can be solved as

(k;) <4+ / v (r=*1) drdf (3.42)

\/N/2
—a—l—Q}

1

9 N —a+2

m

=4 \/ = —15. 3.44
+—a+2 ( 2) ( )

(3.43)

=4+2
+ W[—a+2
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When a = 2,
\/N/2
(kj) <4+ / (r~") drdf (3.45)
1
— 4+ 21 [logr]¥"? (3.46)
=4+ 7 (logN —log?2). (3.47)

We can see from Eq. (8Z4) that the leading term is N~/?*! when o # 2, and from Eq.
(B1) that the leading term is log N when ov = 2. We are especially interested in the case
of @ = a. ~ 2.4, where we get from Eq. (B4) as

(k) <4+ azfz {1 - (%) Q/H} (3.48)

:4+57r{1— (%)02} (3.49)

From this equation it is clear that the average degree grows with N, but slowly converges

to constant value as N — oo.
The average degree for the LRP model with d = 1 can be straightforwardly computed
following the similar calculation as with d = 2. The average degree is upper bounded by

the integral,
N/2
(kj) <2 +/ (r=)dr, (3.50)
1

and we can show for a = a, ~ 1.3, the average degree is
) 9 a—1
p— {1 — (N) } (3.51)
20 9\ 03
:2+§{1_(ﬁ> } (3.52)

The average degree again converges to a constant value.
This lets us conclude that O(v/N) search time can be achieved on the d =2 or d = 1
LRP model with a constant, or at least less than O(log V) average degree. To indicate

a specific value, the average degree calculated numerically by generating the LRP graph

with o = 2.4 and N = 1024 was (k;) = 13.5, which means 4 nearest neighbour edges plus
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9.5 long-range edges in average. Note that most of the long-range edges do not connect
far apart nodes going across the whole lattice.

The results also suggest that when one uses the LRP graph, independent of the choice
of d = 1 or d = 2, one can achieve the optimal search time of O(v/N) with almost identical
scaling of average degree (just a constant factor difference between d = 1 and d = 2).
However, if we take into account the length of the edges, d = 1 will have more chance to
generate long-distance edges than d = 2, since the probability of generating an edge of
length r is proportional to r=.

It is interesting to compare our results with the case of Erdos-Rényi random graph.
The spatial search by continuous-time quantum walk on the Erdos-Rényi random graph
has been analyzed by Chakraborty et al. [44]. This graph model corresponds to the case
where we set the edge generation probability p;; to a function independent of the Euclidean
distance between the nodes. In [44], it was shown that optimal search is achieved as long
as Pij > Pe = (log®? N)/N. This tells us that the average degree of the graph at Dij = De
is (k;) = po(N — 1) = (log*> N)(N — 1)/N ~ log** N. In contrast, we got a result that
on the LRP model, one can achieve optimal search with an average degree converging to
constant. Therefore, in principle, the LRP model requires less amount of edges (i.e. less
connectivity) in average than the Erdds-Rényi random graph in order to achieve optimal
search. This is an interesting observation, as the LRP model is a model that has constraint
by the Euclidean distance between the node, while the Erdos-Rényi random graph has
no such constraint, and connects any pair of nodes with equal probability. In terms of
graph measures, such difference of the models results the the difference in the clustering
coefficient of the graphs. See Figure B1H(a) which compares how the average clustering
coefficient changes depending on the average degree of the two graphs. The LRP model
has a high clustering coefficient, resulting from the fact that the model generates edges
densely in local regions.

This comparison suggests that quantum search is more efficient when the quantum
walker explores the space within some local space densely, rather than exploring the entire
space sparsely. We can assume that when the quantum walker hops around in a local
region, it has more chance to come back to its initial node and cause more interference with
itself. As the interference of the complex amplitudes is the key feature of the quantum
search algorithm, the more interference of the quantum walker leads to a efficient spatial

search algorithm.
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Figure 3.15: Average clustering coefficient of the LRP model. (a) Comparison between the d = 2 LRP
model (blue dots) and the ER graph (red dots), plotted against the average degree of each graph. The
quantities are computed from networks of size N = 1024. (b) The average clustering coefficient of the
d = 2 LRP model, plotted against a.. Interestingly, there is a local maximum around a = 3.5.

We also point out that when d < a < 2d, the LRP model has a diameter of log‘S N/d,
where §~! = log,(2d/a), which was derived by Biskup [67]. This means that the graph has
a small-world property in this region of a;, a common and important feature of real-world
networks. Essentially, the small-world property in this context means that the long-range
edges added on the lattice creates shortcuts, such that one can reach from one node to
another in small (order of log N) number of steps. A simple lattice (&« — o0) is not
small-world as the diameter is the order of N'/¢. It is clear that the fact that the graph
has small-world property is helping to speed up the search.

3.7 Spatial search on the Scale-free network

In this section we will present our results on the time complexity of the spatial search
algorithm on the Bollobas scale-free network. First we will introduce the definition and
the network generation process of the Bollobés scale-free network. Next we will show how
the spatial search algorithm behaves of such network, by considering the distribution and
the scaling of the search time. After that, we will present some results on the relations

between the network measures of the Bollobas scale-free network and the search time.
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3.7.1 Definition of the Bollobas scale-free network

Here, we will describe how the generation process of the Bollobés scale-free network. We
are following the process defined by Bollobas [62,53], and the explanation is based on
such definitions.

The process of generating the network with N nodes is as follows. At the initial time
step v = 1, the network Gy,—1y starts with a single node v} with one edge connecting
to itself. At every subsequent time step u > 2, one node v/, having one outgoing edge
is added into G,—1) and connects to one of the nodes in Gy,; with its outgoing edge.
Defining the degree of node v} at time u as d,(v}), the node to connect to is chosen by

the following probability distribution [52]

Prii = s) = dy—1(v)/2u—1) 1<s<u-—1 (3.53)
1/(2u —1) s = u.

This means that the probability for a node to be chosen is proportional to its degree,
which resembles the “preferential attachment”. After repeating the above process until a
cetain time step u =m (m € N), the set of nodes v}, v}, -+ , v/ forms a single node v;.
The edges that were connecting the nodes within the set is converted to m self loops on
v1. The process of adding new nodes v/, is continued until time step v = 2m, and again
the the set of nodes v, ,--- ,v5,, forms another node v,. If m’ < m nodes in the set of
nodes v, 1, - , Vs, are connected to vy, they are converted to m’ edges between v; and
vy. Following the rule described above, the process is repeated until time step uepng = mN,
which results as a network Gy,,xy with N nodes and mN edges. The obtained network
has a power law degree distribution P(k) o< k=7 with exponent 3 = 3 [62]. In order to

change the value of 3, we use the method introduced by Dorogovtsev et. al [58].
A more friendly word that would summarize the process above is, the richer gets richer.
In this model, a node and an edge is added one by one to the network until the number of
nodes reaches N. The node who existed earlier in the network will have higher probability
to acquire the edge due to the probability function Eq. (B53), which tells that the nodes
who already have more edges than the others will have higher probability to get the new
edge. Therefore, a large number of edges will concentrate on the few nodes that existed
early in the generation process, while most other nodes will have limited number of edges.
From the construction described above, we have three control parameters when gen-

erating the network; the total number of nodes N, the parameter which controls the
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connectivity of the network m, and the degree distribution exponent . The average
degree of the network is 2m, while the minimum degree is m and the largest degree is
~ NYB=1D_ Note that we allow self loops and parallel edges between nodes in our network
in order to keep consistency, that is to fix the total number of edges to mN for every trial
of generating G,,ny. When converting G, ny to the adjacency matrix A, the number of
self loops or parallel edges contributes to the weight of the diagonal or the off-diagonal
entries of A, respectively. The degree distribution and visualization of an instance of

G {mny is shown in Figure BI6.
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Figure 3.16: Plot of the degree distribution of the Bollobds model. One instance of the network with
size N = 10000 and minimum degree m = 5 is generated, and the degree distribution was fit to a
power law function with P(k) oc k=29, The inset is a visualization of the network with parameters
N =200, m=2, §=3.

The Bollobas scale-free network is one of the simplest mathematical model that gen-
erates a complex network with power-law degree distribution. The generated network
has no high clustering coefficient, community structure, or a self-similar structure, which
suggests that the connections are mostly random besides there are large degree hub nodes,
which makes crucial difference against the Erdos-Rényi random graph. We choose such
model to concentrate the analysis on how the power-law degree distribution affects the

spatial search.
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3.7.2 The distribution and the scaling of the search time

Now let us describe the results on the time complexity of the spatial algorithm on the

Bollobéas scale-free network. The search Hamiltonian we use is

where Agr(m, B) is the adjacency matrix of the Bollobas scale-free network which depends
on the parameter m and 3. As the graph is generated by a stochastic process, the graph
will not be exactly same at each trial of the generation. Therefore, we computed 1000
samples of networks at with a fixed m and 3, chose randomly at least 400 nodes as the
marked node w for each sample, and computed the time complexity of the spatial search
algorithm. For each realization of the network, we follow the numerical analysis described
in Section BXhd to optimize vy, compute 7 and P(T).

When P(7) is computed, we choose the initial state of the time evolution as a state
where the quantum walker is fully localized on the largest degree node. We label this
state as [¢(0)) = |hub). This is a initial state very different from the states usually
used in spatial search algorithms in other graphs, which is the uniform superposition
state |s) = Zf\il i)/v/N. The reason for this can be understood by analyzing |\;),
the leading eigenvector of Ags. In Figure B4, we have plotted each components ¢, of
M) =32 cuw), and the squared overlap between the eigenvector and the initial state
|(hub|A1)|? in the inset. It is clear that |)\;) is localized around some nodes, which are
the large degree nodes. It has a dominantly large component on node 1, which is the
largest degree hub node. On the preferential attachment network, it was shown by Goh et
al. [09] that the components of |A;) is localized on the largest degree node, and ¢; varies
from 1/4/2 to 1/(2/N). Our plot confirms this result by Goh et al.. We can see from the
inset that |(hub|\)|* does not decrease as N increases, and tends to converge to a value
below 0.5. Therefore, we can conclude that our the localized state |hub) has a substantial
overlap with the leading eigenvector, and it is a good state to choose as the initial state
of the dynamics.

Recalling Eq. (B2338), we derived that 7 and P(7) depend on the index of the marked
node w, when |A;) is not uniform. Therefore we need to take into account which node
in the network was marked when evaluating the search. To this end, we first analyze
and show the distribution of the search time 7' = 7/P(7). We get the distribution by
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Figure 3.17: Plot of all of the components of the leading eigenvector |A1) of Bollobds model with network

parameters N = 1000, m = 10, 8 = 3. We can see that the components are strongly localized around
w = 1, which is the largest degree hub node. The inset shows the square of the component on the hub
|(hub|A1)|?, plotted against the network size N. |[(hub|\1)|? tends to converge to a value close to 0.5 as
the network size increases.

generating multiple samples of the Bollobas model with a fixed { NV, m, 5}, for each network
repetitively mark a random node, find 7,,; and compute 7', and finally take the histogram
of T. We have excluded the largest degree hub node when randomly marking a node,
since we initialize the quantum walker on that node. Figure B8 shows the distribution
for three different values of § = 2.5, 3, 3.5, with fixed N = 10000 and m = 10. Note that
the distribution is taken in logarithmic scale. The main feature in this distribution is that
they have multiple peaks, meaning that there are classes of nodes that can be searched

faster or slower than each other. A good fit to the distributions was a sum of log-normal
functions in the form of

f(T) = Z]M](T; [1i5 O), (3.55)

where

g(T;p,0) = \/%UT exp <<ln€; Q) ) (3.56)

Therefore the distribution f(7) is characterized by the mean values p;, standard de-

viations o; and the mixing parameters p; (constraint such that > ,p; = 1). For the
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Figure 3.18: Distributions of the search time 7" on the Bollobas model. The data is obtained from 1000
instances of the Bollobds model with network size N = 10* and minimum degree m = 10, as well as
randomly marking different nodes in the network. Plots from (a) to (c¢) corresponds to networks with
different degree distribution exponents, (a) S = 2.5, (b) § =3, and (c) 8 = 3.5. Plot (d) corresponds to
the search time distribution of the LRP model as a comparison. The distribution tells us that the search
time is 1 ~ 2 orders of magnitude different depending on which node in the network is marked. The
distribution from (a) to (c) is fit to a sum of log-normal function defined as Eq (8353).

distributions with § = 2.5 and § = 3 we take up to i = 4, and for g = 3.5 we take up to
i = 3.

We understand that this multi-mode log-normal distribution results from the com-
bination of randomness of the network and the effect of the hub node. When we take
a distribution of the search time on the Erdos-Rényi random graph, or the LRP model
we see a single-mode log-normal distribution (see Figure B.I8(d]). Likewise, the connec-
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tions of the nodes in the Bollobas model is mostly random, meaning that there are no
characteristic structures such as communities or self-similarity, except the overall degree
distribution follows a power law. However, this power law degree distribution, or the
existence of the large degree hub node heavily influences the nodes around it, leading to
the multi-mode distribution. In fact, we find that the narrower modes p3 and 4 (and po
for § = 2.5) corresponds to the nodes that are directly connected to the largest degree
hub. We will discuss this further in the next section.

Next we evaluate the scaling of the parameters y;, o;, p; by examining their dependence
on N, specifically by fitting to the function oc N¢. The obtained scaling exponents ¢ are
shown in Table B2, as well as the plots of p; versus N are shown in Figure B1T9. We
find two features in our results. First, for all 3, uy has £ > 0.5 while p;>5 has £ < 0.5.
As £ = 0.5 is the best known scaling of the spatial search algorithm, the scaling of ji;>2
being ¢ < 0.5 has to be interpreted carefully, and we are not claiming here that a spatial
search faster than 7" oc N%5 can be achieved. The search time evaluated here is the case
when the measurement of the quantum walker is done at the exact optimal time 7 when
the probability P(7) maximizes. In order to know the optimal time, one needs to know
in prior the properties of the marked node, or at least know that the node is in one the
modes of p;>9 in order to make a reasonable guess of the measurement time. Therefore,

our result does not mean a search faster than N%® can be achieved for some nodes in the

Table 3.2: Exponent & of each parameters of the search time distribution fit to oc INV¢.
Obtained from networks with N = 2000 ~ 10000, m = 10 and g = 2.5,3,3.5. const.
represents that the quantity is independent of N.

B=25 =3 B=3.5

py | 0.731£0.021 0.620 4+ 0.024 0.681 4+ 0.032
po | 0.295+ 0.010 0.254 4+ 0.040 0.256 4+ 0.027
s | 0.253 £ 0.009 0.194 +0.014 0.172 4+ 0.014
e | 0.240 £ 0.006 0.155 +0.012 N/A

oy | 0.147 4+ 0.026 0.180 +0.032 0.155 +0.029
oy | —0.013 £0.005 | —0.133 £0.035 const.

O3 const. —0.016 £ 0.004 const.

04 const. const. N/A

p1 | 0.213£0.018 0.211 +0.022 0.112 +0.030
p2 | —0.132£0.034 | —1.654+0.54 | —0.942 £ 0.096
p3 | —0.478 £0.043 | —0.423 +0.061 | —0.613 £ 0.057
ps | —0.847 £0.055 | —0.920 4+ 0.086 N/A

92



3.7. SPATIAL SEARCH ON THE SCALE-FREE NETWORK

5000 — ‘ ‘ ‘ ‘ 5000

1000 | ] 1000 |

500;ﬁk’ﬁ/’/'A,ledy,ﬂak—'~'”ﬁ”"”ﬂki 500 -

‘ ‘ ‘ e 100 — ‘ ‘ e
2000 4000 6000 800010000 2000 4000 6000 800010000
N N

(a) (b)

100

3000

541000;ﬁk’/7’/’ﬁ////A/,_$(/,,%4k///-*<

300 - o NO17

2000 4000 6000 800010000
N

(c)

Figure 3.19: Scaling of the search time on the Bollobds model. The search time T is plotted against
the network size N, while the minimum degree is fixed to m = 10. The three figures corresponds to
different degree distribution exponents, (a) § = 2.5, (b) 8 = 3, and (¢) = 3.5. Each data labels
W1, -, pg corresponds to the average values of the search time distribution fit to the multi-mode log-
normal function Eq. (BZ5H). The black solid line of N°® is drawn as a reference to compare with the
optimal search time.
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network, but rather means the quantum walker can be localized to those nodes quickly.
The second feature in our result is the agreement between the scaling of p; and the
property of the network. From Table B, we see that p;>» decays as N grows. This
corresponds to the decay of the fraction of nodes those are neighbours the largest hub
node, N*/#=1 /N. The result suggests that the modes ;55 corresponds to the nodes those
are neighbouring to the hub, or the nodes heavily influenced by the hub. This argument
is also supported by the change of the distributions depending on /3 (see Figure BI8). As
B increases, edges will be less concentrated on the large degree nodes, letting the network
to become closer to a random graph. This effect is observed as the shrinking of the j;>9
modes when  increases. We note that these scaling obtained from numerical simulations
are only guaranteed for N = 2000 ~ 10000, the region where we executed the simulations.
As a conclusion of this section, the distribution of the search time T obtained by
marking different nodes in the network strictly reflects the structure of the network; the
combination randomness and scale-free property (i.e. existence of the hub) leads to a
multi-mode log-normal distribution of 7. The existence of the hub allows the quantum

walker to localize on nodes that are neighbours of the hub especially fast.

3.7.3 Correlations with network measures

In this section, we interpret the search time 7" and the dynamics of the spatial search by
investigating some centrality measures of the network. This will bridge the knowledge in
complex network science and quantum dynamics. We investigate the correlation between
the search time and six different centrality measures: degree centrality, eigenvector cen-
trality [60], closeness centrality [61], betweenness centrality [62], random walk closeness
centrality [63] and random walk betweenness centrality [64]. The essential result we show
here is that the search time is dependent on how close the marked node is to all other
node in the network, in terms of shortest path distances.

The scatter plots where the search time 7' is plotted against different centrality mea-
sures are shown in Figure B20. Here we used one instance of the Bollobas scale-free
network with parameters N = 2000, m = 5, 8 = 3, and computed T for every single node
except the hub.. Figure B20(a) shows the case of degree centrality C% = Zjv A/ (N-1),
which measures the fraction of nodes that are connected to the node w. This plot tells
that when the marked node has large degree, the quantum walker will likely to be lo-

calized on that node quickly, but if the node has low degree, the search time is almost
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Figure 3.20: The correlation between the search time T and six different network centrality measures.
The data is obtained from a network with N = 2000,m = 5,8 = 3. The definition of each centrality
measures are defined in the main text of this section. The data points are coloured according to the
shortest path distance between the hub and the marked node ljup,w, as well as the number of parallel
edges between the hub and the marked node e,,. The clustering of the data points of different colours
tells us that the search time tends to be faster as the marked node is closer to the hub. The value r in
each plots represents the Pearson correlation coefficient. The best correlation is found in the eigenvector
centrality (b), followed by the closeness centrality (c). In panel (a), the classical search time, namely the
mean first passage time H (hub,w), is also plotted.
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independent of the degree. This feature is quite different from the case of classical random
walk, where the difference can be seen by comparing with the mean first passage time
H (hub,w) computed numerically and plotted in the same figure. The mean first passage
time H(i,j) is defined as the average time for the classical random walker to visit node
j for the first time, starting the walk from node 7. We can interpret H(hub,w) as the
average time to search the marked node by starting the classical random walk from the
hub node. From Figure B20(a), we can confirm that the time it takes to search a node
using random walk is proportional to its degree, which was also confirmed in [65], as well
as revealing that the search using quantum walk clearly shows a different feature. The
result also shows indicates that typically on the Bollobad network, the quantum search
is faster than searching by classical random walk, although there are some purple data
points exceeding the classical search time.

Figure B20(b) shows the case of eigenvector centrality C¢ = [(A\|w)|, which is a
centrality measure based on the leading eigenvector of the adjacency matrix. The plot
shows a high correlation as expected from Eq. (BZ38). We also see a good correlation in
Figure B20(c) which shows the case of closeness centrality C = (N —1)/ Zj\;j lyj where
lw; is the shortest path distance between nodes w and j. This measure represents how
fast one can move from the node w to all other nodes using the shortest paths.

Figure B20(d) shows the betweenness centrality C? = Y. Lwzj Oij (W) /035, where oy
is the number of shortest paths from node i to j, and o;;(w) is the number of shortest
paths that goes through node w among them. The random walk closeness centrality
Cw = N/, H(j,w) in Figure B20(e) is an alternative measure of the closeness centrality,
where path lengths between nodes are measured based on the random walk process. The
random walk betweenness centrality C"° in Figure B20(f) is an alternative measure of
betweenness centrality, where instead of counting only shortest paths, all paths contribute
to the measure with a certain weight. All three of these measures are correlated with the
search time in a similar way as the degree centrality.

The results presented in Figure tells us that the quantum walk or the spatial
search is a dynamics relying on the shortest paths of the network, unlike classical random
walk. In the case of classical random walk, the walker chooses one neighbour randomly
at each time step, and thus it is natural to understand that a node having larger degree
will have higher probability to receive the walker, leading to shorter time of the search.

In contrast, since the quantum walker spreads to all of the neighbours as a superposition
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state, the length of shortest paths between the nodes determines the time for the complex
amplitudes to reach from a node to another, rather than the degrees. As indicated by the
high correlation to the closeness centrality C¢, if the marked node w is averagely close to
all other nodes (i.e. has high C¢), the quantum walker can localize on that node faster
since the complex amplitudes of the quantum walker can be collected from the whole
network with a shorter time.

The importance of the distances is emphasized by distinguishing the data points in
Figure based on the shortest path distances between the hub node and the marked
node (see the legend of the figure). The data is well clustered depending on .. Espe-
cially when the marked node is adjacent to the hub ({4, = 1), these nodes have small
shortest path distances with the other nodes by going through the hub, leading to the
shortness of T

We also examined the how the scaling of the search time 7" o« N depends on the
distance between the hub and the marked node lp,,,,. We computed multiple samples
of T,, from network with parameters N = 2000 ~ 10000, m = 5,8 = 3 and took the
averaged of T, for each Iy, The obtained scaling o is shown in Table BZ3. Although
we get large standard deviations of T}, since the factor determining the search time is not
only lpupw, the scaling a roughly increases linearly as lpy., grows. We assume this comes

from the ballistic spread of the quantum walker.

Table 3.3: Exponent o of the average search time T o< N® for nodes with different
distances from the hub l,,.,. Networks with parameters N = 2000 ~ 10000, m = 5,
B = 3 are used to obtain a.

lhub,w 1 2 3
«Q 0.120 £ 0.019 | 0.638 £ 0.122 | 1.127 £ 0.205

Note that the especially short 7" when the marked node is adjacent to the hub is not
due to the localized initial state of the quantum walker. The quantum walker does not
instantaneously hop from the hub to the marked node, but instead has to traverse the
entire network and acquire some phase to localize on the marked node. In fact, from Eq.
(B238@) we can see that the optimal evolution time 7 = 7 /AF is independent of the initial
state. The initial state determines the fraction of the complex amplitude that stays in the
two-dimensional subspace spanned by |FEp) and |E}), and thus only affects the maximum

success probability P(7).
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Although the high correlation between the search time and the eigenvector centrality
is expected from Eq. (B238), there are small corrections from the factor |(w|w)|, which
is essentially the success probability P. In our results, we did not see a particularly
high correlation between the centrality measures and P. The best correlation we could
observe was with the eigenvector centrality, with correlation coefficient » = 0.363. The
distribution of the success probability taken over different nodes of the network is plotted

in Figure BZZ1, where we observe a single mode distribution peaked around 0.4.
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Figure 3.21: Distribution of the success probability P(7) = |(w|¢(7))|?, with network parameters N =
10, m = 10 and B = 3. The distribution is peaked around 0.4, with a long tail on the lower values.
The distribution suggests that there are some nodes who are very hard to localize (i.e. very low success
probability), but as we did not find a clear correlation between P and the six correlation measures
investigated in this Section, we could not make a conclusion about nodes having what kind of properties
are very hard to localize.

3.7.4 Limitation of the search algorithm on complex networks

and translation to a state transfer protocol

As we have shown in the previous sections that the search time T is actually different
depending on which node in the network is marked. This means that 7 is different
depending on the marked node, and thus the optimal measurement time will be different.
This leads to a limitation when actually performing the search, because one will need the
information of the marked in in prior to performing the search algorithm. This actually

breaks the rule of the search problem, as the one who aims to search for the marked
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node must not have any information about the marked node before using the search
Hamiltonian.

However, we can think of some strategies to overcome this limitation. One is to
give restriction on which node to mark. If we restrict to choose the marked node from
the subset of nodes in the individual modes u;, we can make a reasonable guess of the
measurement time 7. This essentially restricts the space of the search.

Another strategy we can consider is to adjust the network parameters so that 7 of
different modes are in harmonics. See Figure B2 for the conceptual explanation. For
example, let’s focus on the dominant modes 77 and 73 in the distribution. If we can adjust
the network parameters m and  and get 7, = (2n — 1)73 where n = 1,2,..., we can
measure at the time 73 at which the oscillation of P(t) corresponding to the 73 mode is
also maximized. Such adjustment is possible, as 71 and 73 can be changed by adjusting m.
See Figure BZ3, where we plotted the relation between 71 3 and m, with other parameters
fixed at N = 10* and 8 = 3.
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Figure 3.22: Measuring the final state at harmonic times to overcome the difference of the optimal
measurement time 7. The left panel shows the distribution of the optimal measurement time of the search
algorithm 7 in logarithmic scale. As we have seen in Figure BI8 that the search time T'= 7/P follows a
multi-mode log-normal distribution, we see here that 7 is also following a very similar distribution. The
right panel shows the schematic explanation of choosing the measurement time at 71 = 973, the moment
where the success probability P(¢) maximizes for both modes.

One application of the spatial search algorithm on the Bollobas scale-free network is
to translate the algorithm into a state transfer protocol. A state transfer protocol is a
task to transfer a state, usually an arbitrary qubit state |¢) = a| 1) + b| 1), between two
points in the Hilbert space with high fidelity. We can assume that the quantum walker has
a spin-1/2 internal degrees of freedom, and the internal degree of freedom is untouched

during the time evolution on the network. If we prepare the quantum walker localized on
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Figure 3.23: Logarithm of the optimal measurement time (the peaks 71 and 73 of the modes shown in
Figure B2 left panel) plotted against the minimum degree of the Bollobés network m. The network size
and the degree distribution exponent is fixed to N = 10* and 3 = 3, respectively. We can see that the
optimal measurement time of the two modes approach closer to each other as m is increased, indicating
the merging of the two modes. As the average degree of the network is 2m, increasing m will increase
the connectivity of the network.

the hub node, decide the target node w where to transfer the state, and then adjust the
parameters of the Hamiltonian Hy, = —yAs; — €,|w)(w| in the same way we perform the
search algorithm, we can obtain the spin state at node w after time 7 with probability
P(7). Such protocol is useful as a short range quantum data bus in quantum computation

or communication settings.
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3.8 Conclusions and discussions

In this chapter, we have analyzed the spatial search algorithm by continuous-time quan-
tum walk on two types of complex networks, the long-range percolation (LRP) model and
the Bollobas scale-free network. We initially introduced the classical and quantum search
problem in a computer science perspective, and introduced the Grover’s algorithm, the
first quantum algorithm that runs on a quantum computer that solves the unstructured
search problem in time O(v/N). We next introduced the spatial search algorithm as the
physically restricted version of the Grover’s algorithm. We reviewed the literature by
discussing the different challenges on the field, explained the aim of our analysis based on
such background. The brief summary of our aim was to analyze how the spatial search
algorithm behaves on complex networks, and explore whether we can see novel features
of the algorithm or find usefulness of quantum complex networks.

Next we began our analysis by starting from the basic calculation of the spatial search
algorithm on the complete graph. The calculation was extended to the case for searching
on arbitrary graphs, and we derived some relation between the eigenspace structure of the
graph’s adjacency matrix and the time complexity of the spatial search algorithm. The
explanation of our numerical calculation method to analyze the spatial search algorithm
followed. Next we moved on to our actual analysis and results of the spatial search
algorithm on the LRP model and the Bollobés scale-free network. The novel results from

our analysis can be summarized as follows.

1. On the LRP model, there is a threshold connectivity of the graph where the
search time switches from optimal to non-optimal. We have found that on the
LRP model with lattice dimensions d = 1, 2, there is a clear threshold connectivity, indi-
cated by the exponent @ = a, where the time complexity of the search algorithm switches
from O(v/N) when a < a., to a slower time complexity O(v/N) < T < O(N?/log® N).
The average degree of the graph converges to a constant as N — oco. The existence of
a. was non-trivial and such finding of a. provides an interesting perspective to find the
general optimal condition of the spatial search algorithms. The result of «. also indicates
that the structure of the eigenspace of the LRP model changes at a., which is also a novel

result.
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2. Having locally dense connections in the graph leads to efficient speedup of
the search. The characteristic of the LRP model is in its definition of the edge genera-
tion probability function, p;; = |[i — j|~¢, where |i — j| is the Euclidean distance between
pair of nodes ¢, j. This rule allows the model to generate edges with relatively short length,
while limiting the chance to generate edges bridging large distance of the lattice to be low.
Therefore, edges are rather locally concentrated around each nodes. We have compared
our result against the case of the Erdos-Rényi random graph which generates edges of
any length with equal probability, and found that the LRP model requires less resource
(less number of edges in the large N region) to achieve optimal search. Interestingly, this
result suggests that having dense connections locally is a resource efficient way to achieve

optimal search rather than globally connecting random nodes.

3. The search time depends on the shortest path distances between the marked
node and the rest of the nodes in the network. From the analysis on the Bollobés
scale-free network, we have found there is a high correlation between the search time and
the closeness centrality of the marked node. The closeness centrality of a node is a network
measure which represents how much the node is close to all other nodes using the shortest
paths between the nodes. Results tell us that the more the node having high closeness
centrality, the more the node can be searched faster. This was purely a representation
of quantum effect, which we confirmed by examining the difference with the classical
random walk on the same network. The mean first passage time of the classical random
walk was proportional to the degree of the node, rather than the closeness centrality. This
observation could not have been possible if we have used regular graphs, since such graphs

will have identical centrality for all nodes.

4. Randomness of the connections in the network leads to a log-normal dis-
tribution of the search time We have analyzed the distribution of the search time
in a network, by repetitively marking different nodes in the network and computing the
search time. From the LRP model, we obtained a single log-normal distribution, while
from the Bollobés scale-free network we obtained a multimode log-normal distribution.
We understood that the log-normal distribution appears due to the randomness of the
networks. The scale-free network showed a multimode distribution due to the existence
of the dominant hub node. To the best of our knowledge, the distribution of the search

time was never examined before on any graphs (although statistical analysis of graphs are
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common strategy, such as measuring the distribution of eigenvalues), and we were able
to discuss an interesting relation between the structure of the network and the quantum

search.

5. Using networks whose leading eigenvector is localized, one can perform the
search algorithm from a localized initial state We have shown that the leading
eigenvector of the Bollobas scale-free network was a localized state around the hub node.
This led to the availability to perform the spatial search algorithm from an initial state
fully localized on the hub node. This can be helpful for experimental implementations of
the algorithm, since preparing a superposition state with a carefully manipulated relative
phase [66]. We can generally say that using a Hamiltonian whose leading eigenvector is a
localized state, one can perform the search from a localized initial state. A star graph is
another good instance of this.

We can conclude that the two complex network models we have analyzed is useful
to perform the spatial search algorithm, as we can achieve the search algorithm faster
than the classical algorithm. Although there are limitations in the case of Bollobés scale-
free network as the optimal measurement time is different depending on which mode of
the distribution the marked node belongs to. Nevertheless, it is possible to overcome
such limitation with an constant factor overhead in the time complexity, if we adjust the
network parameters so that the optimal measurement time of the different modes are
in harmonics. Finally, it is also important that the network structure in these complex
networks can be noisy in a sense that each of the edge does not need to be in a fixed

position, and only the statistical property of the network is important.
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Chapter 4

Simulation of complex quantum
networks using driven quantum

systems

4.1 Simulating complex network structures with ef-

fective Floquet Hamiltonians

In the previous chapter, we have shown that complex quantum networks are useful for
quantum search algorithm, and from these networks one can see fruitful dynamics corre-
lated with the network structure that cannot be observed from regular or lattice struc-
tures. Now the problem comes down to how to actually engineer such complex quantum
networks. The system needs to contain complex, non-regular and long-range transitions
between states in the Hilbert space. As we reviewed in the Chapter 1, the technologies to
manipulate and generate interactions between multiple single qubit systems are becom-
ing available in the labs. Few body systems with network-like, non-regular interaction
structures may be available using these technologies. However, this approach may come
to a bottleneck when we want to scale up the system to actually get a large-scale complex
network structure. Also, manipulating the interactions spatially can have limitations. For
example, superconducting qubits are usually placed on a planar two-dimensional surface,
limiting the ability to couple qubits those are spatially far apart.

In this chapter we present a strategy to simulate complex quantum networks using

driven quantum systems. We will use the term simulate rather than engineer, as we
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are going to create an effectively complex transition between the states via the effective
Hamiltonian of a time-periodic Floquet system, rather than engineering spatially complex
interactions. Based on Floquet theory, we look at the periodic times of the dynamics

generated by the time-periodic Hamiltonian H(t + T") = H(t), such that

U(T;0) = T exp (—i /0 ' H(T)dT/h> = exp(—iH*"T/h), (4.1)

where 7 is the time ordering operator. H¢f is the effective Hamiltonian where we find the
complex quantum network. H® contains the effective transitions during one period of
the time evolution by H (). As we will see in the two examples analyzed in the following
sections, H°% can have transition structures which has the properties of random graphs or
scale-free networks, when the system is driven with certain conditions. This is shown by
computing the matrix representation of Hf and viewing this as the adjacency matrix of a
network. The method of such analysis can be found in Sections 224 and 279 of Chapter 2.
The specific physical systems analyzed here to simulate the complex quantum networks
are the coupled optical waveguides and the time crystalline system. Some experimental
schemes for such systems are also shown to discuss the possibility of future experimental

realizations.

4.2 Simulating random networks with periodically

modulated optical waveguides

The first example we propose to simulate complex quantum networks is a photonic sys-
tem where photons propagate through an array of coupled optical waveguides. We will
show theoretically that by modulating the coupling constants between the waveguides
periodically in the propagation direction, this can be analyzed as a time-periodic Hamil-
tonian system. We analyze the corresponding system Hamiltonian using Floquet theory,
and show that the derived effective time-independent Hamiltonian will have a structure
similar to random graphs, when displayed in the tight-binding Hamiltonian matrix form.
To start the discussion, we will first consider a simple case where one photon propagates
through N statically coupled waveguides. This corresponds to a unitary time evolu-
tion generated by a N-dimensional time-independent tight-binding Hamiltonian with it’s

transition structure equal to the coupling constants between the waveguides. Next we
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will consider a case where two photons propagate through the same N statically cou-
pled waveguides, and show that his corresponds to a unitary time evolution generated
by a N(N + 1)/2-dimensional tight-binding Hamiltonian. Finally we add a drive to the

Hamiltonian by designing a periodically modulated waveguide array.

4.2.1 Single or two-photon state propagating through an cou-

pled waveguide array

First we introduce and define the quantum system we consider. We assume a system
composed of optical waveguides. A optical waveguide is a narrow (order of microns to sub-
microns) dielectric material whose refractive index is higher than the surrounding material.
When photons or classical laser is input to a waveguide, the light propagates through the
waveguide due to the total internal reflection. The loss of light during the propagation
is very low in a ideal waveguide, allowing to characterize the system as closed coherent
dynamics. Such device is typically fabricated by focusing a femtosecond pulse laser in
a silica glass medium which writes the waveguide structure. This utilizes the property
of the silica with germanium atoms doped, which changes it’s refractive index when an
ultraviolet pulse is focused. See [67,68] for a review. When two waveguides are placed
next to each other orthogonal to the propagation direction, the light can tunnel through
between the waveguides. Such waveguides are stated as coupled waveguides. The origin
of the tunneling of light is the evanescent field that propagates outside the waveguide,
which decays exponentially after propagating for a distance about the wavelength of the
light. Therefore, the waveguides are strongly coupled when they are as close as the order
of the light wavelength.

Let’s consider the situation where a single mode photon propagates through an array

of N coupled waveguides. The Hamiltoinan of the system can be written as
N N
H,y =Y Dila;+ Y  Cyala;. (4.2)
i i

Here d; and a! are the annihilation and creation operator of mode 7 (equivalently annihi-
lates/creates one photon in the propagation mode of waveguide 7). D; is the propagation
constant and C;; is the coupling constant between waveguides ¢ and j. As the system

can be considered as a closed system, the dynamics is unitary with the time evolution
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operator given by U(t) = exp(—iH,4t/h).
First we consider a case where a single photon, initially injected into waveguide ¢,
propagates through the waveguide, which can be described by the time evolution of the

creation operator dl. To obtain time evolution of d;r, we consider the Heisenberg equation

of motion,
oal  moal 0% TP A
a—Z’ = {%z =1 [ng, aj] — iD;al +i Z C’ija}, (4.3)
J
where we used commutation relation of bosonic operators [a;, a}] = aia} — a}ai = 0;; and
lal, a}] = [a;, a;] = 0 to obtain the final expression. We also used the phase velocity of the

light ¢/n = 0z/0t, where c is the speed of the light in vacuum, n is the effective refractive
index of the waveguides, z is the position of the photon in the propagation direction and
t is the time. Note that evolution of the photon along the spatial direction z corresponds

to the time evolution of the system. The solution of the equation is
N
al(z) = (#9);al(0) = Uyal(0). (4.4)
J

Here, the coupling constants C;; can be viewed as the matrix elements of a N x N
symmetric matrix C'. The diagonal entries of C is equal to the propagation constant
Cyi = D;. U;j is the matrix elements of the unitary matrix e”#¢. Importantly, from Eq.

(22), the matrix —C' is equivalent to a tight-binding Hamiltonian,

Hy = =C = =%  Dili)il = 3_ Cis([i) (il + 1) (). (4.5)

i#]

The basis states {|i)} corresponds to the single photon Fock states {|1);}.
Next we consider a case where two indistinguishable photons propagate through the

waveguide array. To obtain the propagation of two photons initially injected into waveg-

uides ¢ and j, we use Eq. (B=3) while replacing &I by dZdT

;» which yields to

[ i, ajaj} . (4.6)

For simplicity, if we consider the waveguides are coupled in a one dimensional chain with
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Figure 4.1: Graphical representation of the (a) single and (b) two-photon subspace of Eq. (E22). The
waveguide array is assumed to be in a one-dimensional nearest-neighbour coupled configuration of N = 11
waveguides. The dimension of the single-photon and two-photon subspaces are N = 11 and N, =
N(N + 1)/2 = 66, respectively. The black and red coloured edges between the nodes corresponds to
different coupling strength of the modes. (c) is the tight-binding Hamiltonian matrix plot of Eq. (E3),
which corresponds to the subspace in panel (b). By assuming a periodically modulated waveguide array
introduced in Section B2, we simulate a periodic drive on the couplings as indicated in the box below

(©)-

uniform coupling constants Cy, we get

dalal _
oL =D+ D;)alal +iCy |alal_, +alal,, +af jal + aLla;r.] . (4.7)

In this two-photon situation, it is still possible to obtain a tight-binding form of the Hamil-
tonian by only focusing on the two-photon subspace of the whole Hamiltonian shown in
Eq. (B2). We shall consider the subspace of the Hilbert space spanned by {|1);|1);, |2):}.
Note that the photons are indistinguishable (photons commute) here. We take out from
H,, the matrix elements according to this basis set (e.g. (1|;(1|;Hwgy|1)x|1):), and define

a tight-binding Hamiltonian matrix form, that can be conventionally written as

ZD ) {r| = ZCTS [7)(s] + 1s)(rl); (4.8)

r#s
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where r,s are the numbering of the two-photon Fock states, and N, = (]2V ) + N =
N(N + 1)/2. Importantly, the dimension of the subsystem has grown to the order of
N2, We are effectively treating the two photon Fock states at 2 of the N sites as a
single particle at one of the N sites. The diagonal entries D, = D; 4+ D; depends on the
propagation constants of the two waveguides where the pair of photons propagate. The off
diagonal entries C,, are equal to Cy or v/2C, depending on the coupled states. A graphical

representation of H, t(bQ )

is shown in Figure B71. Panel (a) represents the one-dimensionally
coupled N waveguides (i.e. single photon subspace of H,,), while panel (b) represents
the two photon subspace of H,,,, which is equivalent to Ht(; ). The matrix entries of Ht(lf )

is also plotted in panel (c) with parameters set to N =11,D;, = D =1,Cy = 1.

4.2.2 Periodically modulated waveguide array and it’s effective

Hamiltonian

The treatment of the Hamiltonian of a coupled waveguide array with a bi-photon input,
as discussed above, is already explored in the literature [69-71]. Now we move one step
forward by applying a time-periodic (i.e. periodic in propagating z-direction) drive on

the system to obtain a time periodic Hamiltonian in the form of

HY (= ZD 7) Zcm (s +]s)(r]). (4.9)

r#s

Waveguides are static objects and in principle cannot dynamically modify their coupling
or propagation constants in time. However, as the distance in the z direction corresponds
to the time for the propagating photons, we can spatially modify the waveguides along the
z direction to let the photons feel the change of the coupling and propagation constants
in time.

We designed a N = 11, one-dimensional nearest-neighbour coupled, on-site static
disordered, periodically modulated waveguides as shown in Figure B=2. The waveguides are
designed to oscillate in the y axis direction, as a function of yg sin (ir + wz). i =1,2,..., N
is the index of the waveguide, while w is the frequency of the drive. We shall consider
how the coupling constants C;;(z) would change. First, we fix the spacing between the
waveguides along the x axis direction to zo. We assume the waveguides are cylindrical

and calculate the distance between the center of the cylindrical waveguides, L;;(z). We
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Figure 4.2: Tllustration of the periodically modulated optical waveguides. Each panel corresponds to (a)
the overall view, (b) the top view and (c) the side view. Two photons which are temporally indistin-
guishable are injected into arbitrary modes of the array. The spacing between adjacent waveguides in
the z-axis direction is fixed to xp, while the waveguides are periodically bent up to distance yq in the
y-axis direction to periodically change their spacing in the y-axis direction. The actual distance between
the waveguides in the xy-plane is represented as L;;(z). This leads to a periodic change of the coupling
constant between the waveguides, as shown in Eq. (E210).

can calculate that

Lij(2) = /22 + y2sin® (im + wz) = /22 + y2 sin® (w2). (4.10)

The coupling constant is known to depend exponentially on the distance between the
waveguides [70], such as C' ~ Cye "/*0. We substitute Eq. (B-I0) and get

Cij(z) = Cyexp <— \/m% + y2 sin® (wz)/Lo). (4.11)

The coupling constant oscillates between Cyexp (—zo/Lg) and Cyexp (—\/xg + 3/ L0>
with frequency 2w. Given the coupling constants between the waveguides, the coupling
constants between the two-photon states represented as C,.s(z) in Eq. (E9) will be equal

to Cy;(2) or v/2C;;(z) depending on the photon number of the states (see the box below
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panel (c) of Figure @),

The propagation constant must also depend on z as the direction of the propagation
mode varies with z. However we can replace it with a effective shift of the propagating
constant D; — D; — AD. As all of the waveguides are modulated equally, we consider all
waveguides acquires a equal constant shift AD.

We also add a diagonal disorder into the Hamiltonian, in order to induce randomness
in the time evolution. This is modelled by setting D; for each waveguides as a random
number which fluctuates around the mean value with an range of W. The disorder is
physically modelled by the small radius differences among the waveguides, which changes
their propagation constants. We must note that changing the propagation constants (i.e.
the propagation modes) of each waveguides will induce changes is the coupling constants
as well. We may also need a multi-mode photon source as an input in order to couple
the photons to the slightly different propagation modes of each waveguide. This can lead
to a dephasing effect during the time-evolution, and thus the actual dynamics when this
situation is experimentally implemented can be different from the Hamiltonian of Eq.
(E9). We leave this discussion as a future work, and at this point investigate how the
periodic coupling constant C;;(z) and the diagonal disorder D; can simulate dynamics on

complex quantum networks.
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Figure 4.3: (a) The matrix plot of the effective Hamiltonian H°® and (b) the resonance-rule-applied
adjacency matrix A of the driven waveguide array with two-photon input. The dimension of the matrix
is 66.

Given these conditions, a numerical calculation was conducted to obtain the Floquet
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operator and the effective Hamiltonian H°® of one period of the Hamiltonian, as de-
fined in Eq. (E). The parameters are set to satisfy Cyexp (—xz¢/Lo) = Cy = 1 and
Cyexp (—\/M/LO) = Cye? = ¢ 2, while D; = D+ W with D = 1,W € [~0.1,0.1].
The frequency was set to a low frequency regime w = 27 to obtain non-trivial effects [[72].
Once the effective Hamiltonian was obtained, we interpret this as a graph and applied
the resonance rule |D, — Dg| < |C4| to draw the edges between the nodes. The effec-
tive Hamiltonian H° and the adjacecy matrix A is shown in Figure BZ3. The graph

corresponding to A is visualized in Figure B-.

0 54— .35 2

o1 *66

(a) (b)

Figure 4.4: The graph visualization of the adjacency matrix plotted in Figure B=3(b), which corresponds
to the driven waveguide array with two-photon input. The graph contains N, = 66 nodes, and in panel
(a) the nodes are positioned according to the force-directed drawing method. In panel (b), the same
graph is plotted with a different positioning of the nodes, which is the same way took in Figure B1(Db).
We can clearly see that the graph topology and connectivity has dramatically changed compared to the
undriven counterpart.

From the effective Hamiltonian and the graph, we can see that the structure con-
tains non-nearest neighbour hopping that were not present in the undriven counterpart
(Figure B(c)). One can see from the effective Hamiltonian matrix plot (Figure B=3(a))
that the original nearest neighbour entries are still present, but blurred, giving rise to
the non-local entries. The diagonal entries are also modified compared to the undriven
Hamiltonian. In order to visualize the major transitions in the effective Hamiltonian, the
resonance-condition-applied adjacency matrix A is obtained as Figure BZ3(b), with the
graph drawn in Figure B4. For the visualized graph in Figure B4 (a), the nodes of the
graph is positioned based on the force-directed graph drawing method [73] in order to
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show that the graph is connected densely in certain regions (the positions of the nodes
and the length of the edges does not have any correspondence to the coupling strength
C.s). For the visualized graph in Figure B2(b), the nodes of the graph is positioned in the
same way as Figure B1(b). We can see that many nodes are connected densely (dynamics
are complex), while some nodes have small number of connections or some nodes are even
isolated.

These results clearly show the appearance of the non-local transitions. By computing
the degree of each nodes k; = Zf,vb A,s and obtaining the degree distribution from 30 real-
izations of of the disorder, an broad distribution was obtained (see Figure B3). Although
the Poisson distribution did not fit the result, we can still understand that the graph
has a random graph-like complex structure. The local peak in the distribution around
k = 3,4 comes from the nearest-neighbour transitions. The results shows the potential
ability of coupled waveguides to simulate complex network structures by combining the

multi-photon state and the periodic modulation strategy.

0.1

0 5 10 15 20
k

Figure 4.5: The degree distribution of the graph in Figure B4. k is the degree of a node. The distribution
is taken from 30 realizations of the effective Hamiltonian using different disorder sequence of D;. We can
see a broad distribution, indicating that the graph has random connections.

Trade-off between the complex dynamics and the length of time evolution
Here we discuss why the non-nearest neighbour transitions appear in the driven system,
and also mention about the trade-off when realizing such transitions. First we point out
that in order to realize the non-nearest neighbour transitions and the complex dynamics,

one needs to drive the system in the low frequency regime. Such low frequency regime
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means that the driving frequency w is comparable to the energy bandwidth (i.e. the
difference between the smallest and largest energy) of the undriven system. For example,
it was shown that driving a system with on-site disorder with a low frequency result
to chaotic dynamics [24]. In our calculation, we chose w = 27, which is comparable to
the bandwidth of the undriven waveguide Hamiltonian we considered. See Figure B6(a)
which compares the energy spectrum of the undriven and driven systems. Note that the
spectrum (quasi energies) of the driven system is bound by —w/2 < E; < w/2. We
have observed the complex network structure using this value of w, but as a consequence,
the energy bandwidth of the system has shrank. The undriven system has a bandwidth
around 8, from Figure B@(a). As the energy scale of the system has decreased by the
driving, the time scale of the system will increase. This means that one requires longer

length of time evolution in order to realize the complex dynamics.

Longer time scale to realize
w1 complex dynamics
6 : :
o Driven ey g w /\ /
45 | o Undriven Pt 2 \ \//
- JF s f\in*jf.;""ftimpﬁ
% &wfg&;&xxmﬂ = t o 1/hw
g s
Eo 0 . o w =121 3 \ / \v \/ \
" sl N |
» w | I
Y N W”“WWW
Wy ” \\\\ HH“ I }H Shorter time scale to
1 20 40 60 66 ‘U b i U\ J J\’ U U \“ \ & \J ‘U H‘ realize simple dynamics
Index of eigenvalue i
(a) (b)

Figure 4.6: (a) The energy eigenvalues of the undriven waveguide and the quasi energies of the effective
Hamiltonian of the driven waveguide. (b) A diagram describing that a lower frequency drive generates
complex dynamics, while as a trade-off the necessary length of time evolution increases.

We can think this as the trade-off between the time scale of the system and the
realization of the complex dynamics. In Figure B8(b), the illustrative description of
this trade-off is shown. With a high frequency drive, the time to realize one period
of the effective Hamiltonian is shorter, but the resulting dynamics is simple (since the

high frequency limit corresponds to the undriven case). On the other hand, with a low
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frequency drive, the time to realize one period of the effective Hamiltonian is longer,
resulting to complex dynamics. We can interpret that the complex network structure is
captured from the low frequency driven system since the dynamics of a longer time scale

is averaged when obtaining the effective Hamiltonian.

4.2.3 Preparation of the two photon source as the input state

of the waveguide array

In the previous sections, we have investigated the effective Hamiltonian of the periodi-
cally modulated waveguide array, where single or two-photon states were injected. We
have seen that in the two-photon case, the dimension of the Hilbert space expands and
complex network structures can be observed by mapping the dynamics to the time evolu-
tion generated by the single-particle tight-binding Hamiltonian. In order to conduct such
experiment in the labs, an indistinguishable two-photon state has to be prepared with
high fidelity and rate. In this section we discuss the experimental method to generate
such two-photon state, and propose a scheme using the spontaneous parametric down
conversion (SPDC) from the non-linear crystal. The key feature of the two-photon source
is that (i) one can generate a polarization distinguishable two-photon state (ii) or select to
generate a polarization entangled state, (iii) the photons are frequency degenerated, (iv)
have high rate of emission and spectral bandwidth due to the usage of type-0 non-linear
crystal, (v) and free of postselection.

Such photon source can be used as a reliable two photon input state to observe the dy-
namics through the driven waveguide array. First of all, the two photons has to be highly
indistinguishable in order to simulate the complex dynamics including the interference of
the photons. If the photons are completely distinguishable, the output result we get is just
a joint probability of two independent photons propagating through a one-dimensional
waveguide array (i.e. no quantum interference occurs during the propagation). Further-
more, if we use the photon pair generated from a type-0 quasi-phase matched non-linear
crystal, the photons have a broad bandwidth in the frequency domain compared to other
types of non-linear crystals [74]. This potentially enables additional controllability on
the effective Hamiltonian of the system. If we prepare a spectrally non-degenerate, yet
partially overlapping photon pair and conduct a measurement that does not resolve the
frequency, we can simulate an open dynamics that has partial loss of coherence to the

environment. This can result to an effective Hamiltonian having different structure com-
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pared to the fully closed dynamics. Therefore, here we select to use the SPDC photons
from a type-0 periodically poled non-linear crystal, and propose a scheme to prepare a
two-photon state ready-to-use for the input state of the waveguide array.

To start explaining the scheme, let us first define the notations of the polarization

states of the photon,

(! _ (Y _H)+[V) _H=1V)
|H>_<o)’ |V>—<1), D) = 7 [A) = 7 (4.12)

Each of them represent H : horizontal, V' : vertical, D : diagonal, and A : anti-diagonal
polarization. The scheme of the photon source is shown in Figure BZ0. We use the
spontaneous parametric down-conversion (SPDC) process, where a pump photon is con-
verted to two lower energy photons while satisfying the energy conservation law Awpymp =
hwsignai + Awidier. We must use a periodically-poled (pp) non-linear crystal since the con-
verted photons are emitted collinearly. To this end we use the ppKTP crystal. The scheme
is constructed by forming a interferometer including the ppKTP crystal, two half-wave
plates with angles set to 45° (HWP1) and 22.5° (HWP2).

The input photon is injected into the interferometer by passing through the polarizing
beam splitter (PBS). The H-component of the photon that passed through the PBS round
trips the interferometer in the clockwise direction [see Figure B74(a)]. This photon is
converted to the D state by the HWP2, and only the V component of the state contributes
to the SPDC conversion |V) — |V'V) such that the state after the crystal is

[Va) = |VV). (4.13)
The down-converted photons are rotated by HWP1 [see Figure BZ4(b)] which leads to
[Up) = |[HH). (4.14)

The pump photon enters the crystal again after passing through HWP1. The V component
again contributes to the SPDC conversion, and will be superposed with the photon pair

generated in the first conversion [see Figure B74(c)],

) o< |HH) + e®|VV), (4.15)
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Figure 4.7: The proposed experimental scheme to generate the two-photon state. Essentially, the in-
put photon is separated into two optical paths at the polarizing beam splitter (PBS), propagating the
interferometer in the clockwise and counter-clockwise direction. The input photon is converted to a
two-photon state via the ppKTP crystal, while their polarization are adjusted by the half-wave-plates
(HWP). DM stands for the dichroic mirror which reflects the photon around 800nm, and let through the
photon around 400nm.

where ¢ is the relative phase between the first and second conversion. ¢ can be adjusted
by tilting the HWP1, which changes the propagation length through the wave plate. This
state goes through HWP2, which will rotate H(V) states to D(A) states. The two photon
state after HWP2 is [see Figure BZ(d)],

|9a) o sin = ]HV> + Ecos —(|HH) +|VV)) = |HV) (¢ =m). (4.16)

The relative phase was set to ¢ = m to obtain the right hand side. This is a quantum

interference process corresponding to the reverse Hong-Ou-Mandel(HOM) interference in

the polarization basis [75]. After this state passes through PBS, the H and V photons are

deterministically separated into different spatial modes 1 and 2 as |1).) = |H)1|V)2 [see
Figure A(e)].

We can consider the V-component of the initial input photon reflected at the PBS in
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a similar way discussed above. This time he photon round trips the interferometer in the
counter-clockwise direction [see Figure BZ4(f)]. After two down-conversion process and the
reverse HOM interference, the resulting state coming out from the PBS is [¢¢) = |V)1]|H ).
If we initially input a D state into the interferometer, the process through the clockwise
and counter-clockwise direction will occur as a superposition, leading to the entangled
output state

[Yout) o< [H)1|V )2 + [V)1|H)o. (4.17)

On the other hand, if we input the H or V polarized state, we can get a separable state
deterministically separated into different optical modes. Note that the round trip process
is necessary in order to obtain the photons in different modes deterministically.

The described two photon source can be injected into different waveguide modes by
coupling each spatial modes 1 and 2 after the PBS to the desired waveguide mode. The
unique and important point about this photon source is that the two photons are separated
into different optical modes with 100% probability, allowing to prepare various initial
states for the dynamics through the waveguides. This cannot be achieved if we use
a photon pair from single down-conversion from a ppKTP crystal, since the photons
propagate collinearly in a single optical mode having the same polarization. One can only
prepare a initial state where two photons are injected into a single waveguide, or otherwise
have to probabilistically separate the photons using a 50:50 beam splitter. Furthermore,
the ability to generate a polarization entangled state enables to prepare superposed initial

states. One can also use one of the paired photon to herald the single photon state.

4.3 Simulating scale-free networks with time crystals

The second example we propose to simulate dynamics on a complex quantum networks is
a many body spin system in a time-crystalline phase. This is a driven system where the
Hamiltonian of the system is periodically switched between a many-body localized Ising
interaction and the global transversal magnetic field. Such system shows discrete-time-
translational symmetry breaking, where the state of the system has different periodicity
compared to the periodicity of the Hamiltonian. This property is named as the time
crystal, analogous to the spatial crystal which breaks the spatial-translational symmetry.
Using Floquet theory, we compute the effective Hamiltonian of one period of the drive,

and analyze it’s structure when written in the tight-binding Hamiltonian matrix form.
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We will show that a complex network structure with a scale-free property emerges in such

effective Hamiltonian, due to the clustering of energies.

4.3.1 Discrete time crystals in spin systems

First we introduce the many-body spin system that is going to be analyzed in this section.
The system is known as the Discrete Time Crystal [[/6], where a one dimensional chain of

n spin-1/2 particles evolves under the action of a sequence of two different Hamiltonians,

H(t) = Hy=hg(1—¢)) ) of 0<t<T) (418
Hy=hY), Jiofol, +h)Y Bfof Ty <t<T.

This is a time-dependent Hamiltonian with a period of T'. Here o}, 0/, 0 are the Pauli
operators on the [-th spin, J7, = Jo/|l —m|® is the long-range interaction between spins
[,m, and Bf € [0,W] is a random longitudinal field. The parameter ¢ satisfies the
condition 2¢g7} = 7 such that when € = 0, the unitary U; = exp (—iH,T1/h) = II}'o}
becomes a global 7 pulse around the x-axis. € < 1 is present as a rotation error around
the z-axis. Note that this Hamiltonian is similar to the tilted-field Ising Hamiltonian
discussed in Section 29, where the difference is that the transversal magnetic field term
and the Ising interaction term are separated into a sequence. The Floquet operator of the

one period of drive is given by
Fe=U(T;0) = exp (—iHyT5/h) exp (—iH T, /h). (4.19)

In order to understand the dynamics of the time crystal, we shall first set to e = 0. We
initialize the state of the system in one of the eigenstate of Hy (states where spins are
parallel to the z-direction). Under the action of Hj, all of the spins globally rotate with
an angle of m around the z-axis. Subsequently, under the action of Hy, the state does not
change as the state after the action of H; is still an eigenstate of Hy. This is the state after
a single period of the drive. After another period of the drive, the state shall undergo
another 7 rotation and come back to its initial state. See Figure -8 which illustrates the
situation. Since it takes two periods to rotate for an angle of 27 and return to its initial
state, the state has a 2T periodicity. On the other hand, the time-periodic Hamiltonian
H(t) has a periodicity of T'. Such difference of periodicity between the Hamiltonian and

the state corresponds to the name time crystal, since the system breaks the discrete-time-
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translational symmetry.
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Figure 4.8: Illustration of the two Hamiltonians of the time crystal defined in Eq. (BI8). Assuming that
the system is initialized in a state | $111), all of the spins flips around the z-axis under the action of Hj.
Subsequently, Hs is applied, which does not change the state | JJ]).

Now if the rotation error € is non-zero, the dynamics start to get more complex. As
the rotation around x-axis is imperfect, the Hs term can also non-trivially rotate the spins
around the z-axis. The rotation error € essentially breaks the symmetry (the 27" response)
of the system, and may gradually break the periodicity of the state as the time evolves.
However, the Hs term acts as a correction of the rotation error, since it’s a many-body
localization Hamiltonian which keeps the spins to localize on its eigenstates. As each of
the eigenstate of H, are exponentially localized on a certain configuration of the spins
|S155...S,), the rotation error is exponentially suppressed. The 2T periodicity of the
time-evolution will be still present for a long time if € is small due to the presence of Hs.

In the next section, we will focus on this region where a small rotation error is present.

4.3.2 Appearance of scale-free networks in the time crystalline

system with a small error

Here we will show that with a small amount of error € in the system, the symmetry of the
system will be broken which leads to the appearance of a scale-free network in the effective
Floquet Hamiltonian. We choose the parameters to be a = 1.51, Jo(T — T) = 0.06 with
a disorder strength W (T — T}) = m, which are similar values used in the experiment [7G]

in the literature. We set the value of error to € = 0.012 and calculated the effective
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Hamiltonian HT by taking the matrix logarithm of Eq. (2I9). Then we represent H°T in
the tight-binding Hamiltonian matrix form using the basis set {|S1.52...55) }sy,..8,=+.1-
The obtained Hamiltonian matrix and the resonance-rule-applied adjacency matrix with

n = 8 is shown in Figure B9.
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Figure 4.9: (a) The matrix plot of the effective Hamiltonian H® and (b) the resonance-rule-applied
adjacency matrix (black= 1, white= 0) of time crystal system with ¢ = 0.012 and n = 8.

From the adjacency matrix, the graph is visualized in Figure BE10. The graph consists
of 28 = 256 nodes. Here, again the nodes of the graph is positioned based on the force-
directed graph drawing method [73]. The important result is found form the degree
distribution in Figure BEZ11. The tail of the distribution has a good fit to the power law
function, indicating that the obtained graph is a scale-free network. This also means
that there are large degree hub nodes in the network. These nodes correspond to the
states (in o, basis) that has an energy close to other states, which means that the energy
levels are clustered at some regions. For example, the hub node in the graph of Figure
a1a is | M), The number of domain walls in this state is four, and there are
sCy = 70 states which has the same number of domain walls. These states has similar
value of energies, and thus have a higher chance to have edges drawn between them by

the resonance-rule.

121



4.3. SIMULATING SCALE-FREE NETWORKS WITH TIME CRYSTALS

[11111111)

'\. —— [WLLLLLL

Figure 4.10: The graph visualization of the adjacency matrix plotted in Figure [.9(b}, which corresponds
to the time crystal with n = 8 spins and the rotation error of € = 0.012. The graph contains 2" = 256
nodes, and the nodes are positioned according to the force-directed drawing method. The isolated dimer
on the corner corresponds to the basis states where all spins are up or down. This indicates that these
states are robust against the rotation error, and the dynamics will stay inside this two-dimensional
subspace for a long time.
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Figure 4.11: The degree distribution of the graph corresponding to resonance-rule-applied adjacency
matrix of the time crystalline system. (one instance with n = 8 shown in Figure B710). k is the degree of
a node and n is the number of spins in the system. The distribution is taken from 100 realizations of the
effective Hamiltonian using different disorder sequence of B} for each n. We can see a broad distribution,
indicating that the graph has random connections. The tail of each plot is fit to a power law function,
indicating that the network has a scale-free property.
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4.4 Conclusions

In this chapter, we looked at two kinds of quantum system with periodic driving, and
utilized the graph interpretation of the Hamiltonians to simulate complex quantum net-
works. The first system was the periodically modulated waveguide array. We combined
two elements to simulate the complex quantum network in this system. One was to con-
sider a two-photon state as the input state, which allowed to extend the Hilbert space
in the order of square of the number of waveguides. The other was to utilize the effec-
tive Hamiltonian of the time-periodic system. By driving the system in a low frequency
regime, we could observe the appearance of non-local terms in the Hamiltonian. We also
showed the method to prepare a reliable two-photon source using spontaneous parametric
down conversion. The second system we focused was the many body spin system in the
time crystalline phase. Breaking of the symmetry of the system by intorducing a small
error in the rotation of the spins led to the appearance of scale-free network in the effective

Hamiltonian.
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Chapter 5
Conclusions

This thesis studied quantum dynamics and quantum search algorithm on complex quan-
tum networks, as well as providing some methods to simulate the dynamics in such system.
We defined complex quantum networks as closed finite-dimensional quantum systems that
contain complex transitions between levels. We especially focused on the transition struc-
ture of tight-binding Hamiltonians, and treated these Hamiltonians as complex quantum
networks when the matrix has certain properties, such as small-world or scale-free.

We analyzed the quantum search algorithm on complex quantum networks which
hold small-world or scale-free property. The main results was that during the network’s
transition from non-small-world to small world, there exists a clear threshold connectivity
of the graph where the search algorithm can be achieved quickly. From the analysis on
the scale-free network, a strong correlation between the network’s closeness centrality
measure and the time complexity of the search was observed. These results provided
new perspective on closed quantum dynamics, as well as showing that complex quantum
networks are useful for quantum search algorithm.

We have also suggested a method to simulate the dynamics on complex quantum
networks using periodically driven systems. When the system Hamiltonian is subject
to time-periodic drive with slow frequency, there were cases where the effective Floquet
Hamiltonian had complex network structures. The examples considered here was the
coupled waveguide system and the many-body spin system, but the idea to use the effec-
tive Hamiltonians of driven system as simulators for complex quantum network can be

potentially extended to many other systems.
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