B UCLouvain (®)

@
s

Faculté des sciences

Classical Random Walks vs
Quantum Walks

An empirical comparison of the mixing time on finite
abelian groups

Auteure : Alyssa Noél

Promoteur : Jean-Charles Delvenne

Lecteurs : Marco Saerens et Pierre-Emmanuel Caprace
Année académique 2021-2022







UNIVERSITE CATHOLIQUE DE LOUVAIN
FACULTE DES SCIENCES
ECOLE DE MATHEMATIQUES

Classical random walks vs Quantum
walks

An empirical comparison of the mixing time on finite abelian groups

Alyssa Noél

Advisor: Jean-Charles Delvenne
Readers: Marco Saerens, Pierre-Emmanuel Caprace

Master thesis
August 2022






Acknowledgements

I would like to thank my supervisor, Jean-Charles Delvenne, for suggesting this topic,
taking the time to answer my questions and for his comments on the script. It has been
a pleasure to delve into different domains of mathematics and applied mathematics and

to combine a variety of concepts on this subject.

Special thanks also go to Léonie, Rodrigue and Pia, for reading this document, shar-

ing their comments and ideas for improvement and being my friends for five years.

Finally, I thank my parents and my brother for supporting me and listening to me,

even though most of the time, they did not understand what I was talking about.






Contents

Introduction

1 Introduction to quantum computing
1.1  Qubits and systems of qubits . . . . .. ..o
1.1.1 Imnner and outer product . . . . . .. .. ... ... L.
1.1.2  Superposition and entanglement . . . . . ... ... ...
1.2 Measurement . . . . . . . ...
1.3 Unitary transformations . . . . . . . .. .. ... ... L.

1.4 Mixed states and density matrices . . . . . . . ...

2 Classical random walks
2.1 Classical random walks . . . . . . . ... ... ... ... ... ...,
2.1.1 Stationary distribution . . . . . .. .. ..o
2.1.2 Mixing time . . . . . . ..
2.2 Lifted random walks . . . . . . . . ... ... ...
2.2.1 Mixing time . . . . . ..o

3 Discrete-time quantum walks
3.1 First approach : quantum walk on the line . . . . ... ... ... . ...
3.2 Quantum walks on general graphs . . . . . ... ... 0oL
3.2.1 Shunt-decomposition model . . . . . . ... ... ... .. .. ..

3.2.2 Arc-reversal model . . . . . .. .,

4 Limiting distribution and mixing time
4.1 Probabilities in terms of density matrices . . . . . . . . ... ... ...
4.2 Average limiting distributions . . . . .. .. ... L.

4.3 Mixing time . . . . . ...

5 Comparison between classical random walks with memory and quantum
random walks on graphs with symmetry

13
13
15
17
18
21
23

29
29
31
36
37
42

45
45
49
49
o4

59
59
61
64

69



5.1 Cayley graphs . . . . . . . . .
5.2 Generalised Diaconis lift on Cayley graphs . . . . . . .. ... ... ...

5.3 Comparison . . . . . . . . ...
Conclusion
A Hilbert spaces and operators

B Python code for simulations
B.1 Simple random walk . . . . . ... ...
B.2 Generalised Diaconis lift . . . . . .. ... ... ... ... ... ... ..
B.3 Shunt-decomposition quantum walk . . . . . . .. ... ... ... ...

B.4 Arc-reversal quantum walk . . . . . ... ..o



Introduction

Random walks on graphs have applications in many domains. They are widely used in
randomised algorithms for recommender systems such as PageRank, sampling problems
like Gibbs sampling in statistical physics [9] or approximation problems, like approxi-
mating the volume of a convex body [18] or the permanent of a non-negative matrix [13],
just to give a few examples. Under reasonable assumptions, a random walk converges to
a limiting distribution, called the stationary distribution. We are interested in the con-
vergence speed of the random walk in question, i.e. how many steps of the random walk
it takes for the distribution to be sufficiently close to the stationary distribution. This
convergence speed is measured by the mixing time. Many applications depend on a fast
mixing time to the stationary distribution, so there has been a lot of research into reduc-
ing the mixing time via several different approaches. In this document, we will consider

two approaches : lifted random walks and quantum random walks.

A lifted random walk is a random walk on what is called a lifted graph, which is
obtained by taking each vertex of the original graph and splitting it into several vertices
containing some information about the direction the walker came from. This way, we
construct a graph with an extended state space and add some memory to the random
walk to reduce the probability of the walker stepping back and forth between the same

two vertices.

A quantum random walk is the quantum mechanical counterpart of a random walk.
In contrast to the classical random walk where the evolution is described by a stochastic
matrix, quantum random walks evolve trough unitary transformations. This allows for
quantum effects such as superposition and interference. These effects can have a positive

influence on the mixing time.

In the literature, classical random walks with memory and quantum walks are often
treated separately. Our objective is to explore both the classical and the quantum case
in parallel, introducing the concepts necessary to the understanding of classical as well as

quantum random walks. Some results are stated without proof, as the proofs would be



too extensive to be included in a clear manner. In this case, the exact reference is cited.
Throughout this work, we have take care to illustrate the construction of the different
random walk types on examples. To compare classical random walks with memory and
quantum walks, we will implement a generalisation of the Diaconis lift and two quantum
walk models and empirically compare the mixing times for the different types of random

walks on Cayley graphs of finite abelian groups.

To do so, in chapter 1 we will start by introducing the framework in which quan-
tum random walks take place, namely the quantum computing model. The quantum
computing model is based on quantum bits, or qubits, rather than the classical bits used
in everyday classical computation. We start by defining qubits and systems of qubits.
Then we describe how the state of a qubit system evolves as well as how to extract

classical information from a system of qubits.

Chapter 2 introduces the vocabulary of finite Markov chains to describe classical
random walks on graphs. We define the stationary distribution of a random walk and
determine under which conditions a random walk converges to its stationary distribution.
Next, we define the mixing time of a random walk and give upper and lower bounds for
this mixing time. In section 2.2, we then define lifted random walks. A lifted walk can
be designed under different sets of constraints given by the underlying non-lifted walk
and these sets of constraints can affect the mixing time of the lifted walk, which we will

briefly see at the end of the section.

There are many ways of defining a quantum random walk on an undirected graph.
A first distinction to make is between discrete-time and continuous-time quantum walks.
Throughout this work, we will concentrate on the discrete case. In chapter 3, we describe
two quantum walk models, both of which rely on a so-called coin operator. First, the
shunt-decomposition model, which is a walk on the vertices of a regular graph, and second

the arc-reversal model on the arcs of an arbitrary undirected graph.

Since quantum walks evolve through unitary transformations, they do not converge
to a limiting distribution in a straight forward way as the random walks in the classical
framework. We will explain what is meant by limiting distribution in the quantum case
in chapter 4. The limiting distribution can be expressed explicitly using the eigenvalues
and eigenprojections of the unitary transition matrix. These will also be of use to obtain

upper bounds on the quantum mixing time.

Our goal is to compare the mixing time of the different random walk models men-

tioned above on regular graphs. To this end, we have chosen the Cayley graphs of finite

10



abelian groups with symmetric generating set, as they allow a natural way to construct
both lifted walks and quantum walks. In chapter 5, we generalise the Diaconis lift defined
on the cycle [8] to Cayley graphs of finite abelian groups, which is the lifted walk used
for the implementation. In the last section, we finally state the results of the empiric

comparison of the mixing times between the different models.
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Chapter 1

Introduction to quantum computing

Shor’s quantum factorisation algorithm (1994), which runs exponentially faster than the
best known classical algorithm for factorisation, as well as Grover’s quantum search al-
gorithm (1996) giving a quadratic speedup for the search of an unstructured database
have sparked an interest in designing quantum algorithms, part of which are also quan-
tum random walks. But to be able to understand quantum algorithms and quantum
random walks we first need to know how quantum computing works. This chapter as
well as some of the concepts recalled in appendix A aim to give an introduction to
the quantum computing model. It is inspired by [1] and [19]. The reader is referred
to [19] for a more detailed description of the mathematical and physical notions at
hand.

1.1 Qubits and systems of qubits

In the classical computing model, the bit, or binary digit (0 or 1), is the basic unit
of information. In the quantum computing model, we use quantum bits, or qubits, to
carry information. A qubit is the generalisation of a classical bit to quantum mechan-

ics.
Definition 1.1 (Qubit). A qubit is a quantum mechanical system described by the two-

dimensional Hilbert space H with orthonormal basis {|0),|1)}. The information con-
tained in a qubit |p) € H is encoded in the qubit state

|9) = al0) + B[1),

13



where o, f € C and |a|* + |B]> = 1. A qubit satisfying this normalisation condition is a

valid state.
We can identify the orthonormal basis {|0),|1)} of H with the standard basis of

C2,
1 0
) = (0) and 1) = (1) ,

due to the isomorphism H = C? (see A.3). Thus, the state of a qubit can also be

presented as a two-dimensional complex vector,

e f))-6)

It is possible to construct higher-dimensional quantum systems based on subsys-
tems. Let us consider the single qubit system H. The two-qubit system can be described
by H@H = H®?, which is a Hilbert space of dimension 4 (see A.5) and proposition A.6)

and an orthonormal basis of H®? can be constructed as follows:

00) := 0) ®10) = ((1)) ® ((1)) _

)= 1) @ 1) = (i’) 8 ((j) -

This is the standard basis of the tensor product H®2. The combined state in the two-

_ o O O O = O O O o+~ o O o o -

14



qubit system of two single qubits

6) = al0) + B|1) = (;) and [¢b) = ~(0) + 5]1) = (;) ,

is obtained by taking the tensor product

|6) @ [¢) = av]|00) + ad|01) + Bv|10) + BJ|11)
ary
|« 7\ _ ad
-(5)=6)-|5
35

This is indeed a valid state in H®?, since it is still normalised :

oy + [ad]® + [By[2 + 86 = |a 2y + [of*[0]* + 8P + 18161
= (lo? +1817) (P + 131%)
=1.

Moreover, we observe that taking the tensor product of the states of the single
qubits is equivalent to computing the Kronecker product of the associated complex

vectors.

Taking the tensor product H®? @ H = H®3, we can construct the 3-qubit system.
Taking the n-fold tensor product of H then yields an iterative way to construct an

n-qubit system.

Definition 1.2 (n-qubit system). A n-qubit system is a quantum mechanical system
described by the 2"-dimensional Hilbert space H®™ = C*" with basis {|0), |1)}®™.

The state of an element in the n-qubit system is represented by a normalised complex

vector of dimension 2".

1.1.1 Inner and outer product

We define the notions of inner and outer product in the single-qubit system. Those

definitions can easily be generalised to n-qubit systems.

15



Notation 1.3. [1] Let &, 3 be the complex conjugates of o, 3 € C. Then

We call |-) the ket-notation and (-| the bra-notation, as introduced by Dirac. So (¢| is a

linear form on H.

Multiplying a bra-vector with a ket-vector yields the usual bracket notation for the

inner product.

Definition 1.4 (Inner product). For two single-qubit states |¢p) = «a|0) + 5|1) and
|1) = ~]0) + §|1), the inner product on H is defined as

(wlo) = (5 9) (g) = ja+38 € C.

The inner product of two quantum states yields a scalar quantity measuring the

overlap of those states. We have

(@lo) = lof* + 18" =1,

which represents the fact that |¢) is maximally aligned with itself. The inner product
between a given quantum state |¢) and a basis state is given by the corresponding

coefficient,

(0]¢) = a(0]0) + 5{0]1) =
(1]¢) = a(1]0) + B(1]1) = B.

The norm of |¢) € H is given by

1911 = /(¢l9).

We do not use the Dirac notation inside the norm to keep the notations light.

By multiplying a ket-vector with a bra-vector, we obtain the outer product, which

generates a matrix.

16



Definition 1.5 (Outer product). For two single-qubit states |¢) = «|0) + 5|1) and
|1) = 7v]0) + 6|1), the outer product is defined as

6) (0] = (g) (7 9) = (gz gj) .

Outer products provide a way to write matrices in terms of bra-ket notations. Let

A € C?*2 be an operator acting on the single-qubit space H, then

agy @
e ( 00 01) = ago|0) (0] + ap1|0) (1] + a10]|1){0] + aq1|1)(1].

aipp ai

When A is applied to |¢), this yields

Ald) = aoo|0){0]) + ao1|0)(1|¢) + a10]1)(0[¢) + a11[1)(1]¢)
= (CLO()CY + a015)|0> + (aloOé + a116)|1).

1.1.2 Superposition and entanglement

The superposition principle is the physical assumption that the combination of phys-
ically valid states is still physically valid. Mathematically, it means that any normalised
linear combination of quantum states forms another valid quantum state. This ex-
plains why it is so convenient to work with Hilbert spaces. Every quantum state can
be seen as an element of the unit ball of a Hilbert space and since this is a vector
space, every linear combination is still in the unit ball of the Hilbert space and there-
fore automatically satisfies the superposition principle. Moreover, superposition implies
that any quantum state can be obtained by a normalised linear combination of basis
states. A single qubit for example is a superposition of |0) and |1) as can be seen in
definition 1.1.

Superposition marks a huge difference between classical and quantum computing.
In the classical case, a bit can be either 0 or 1. A qubit can be in the basis state |0) or

|1) or any superposition of those states.

Proposition 1.6 (Entanglement). A state |¢p) € H®™ is entangled if and only if there

17



exist no states |p1) € H, ..., |pn) € H such that

|0) = |d1) @ -+ @ [dn).

So, an entangled state is a state that can not be written as the tensor prod-

uct of single qubit states. This becomes more clear when looking at a few exam-

ples.

Example 1.7. Consider the state

1

[ 73

Suppose there exist a, 3,7,0 € C such that

(101) + [10}).

12(|01> +110)) = (al0) + B[1)) @ (v|0) + 6[1)).

Then we would have
ay =p6=0

ad =Py =,

which is impossible. Thus, |¢) is an entangled state.
Example 1.8. Consider the state
1
[¥) = 5(100) +101) + |10) + [11)).
We can write
1 1

;(|00>+|01>+|10>+|11>)—ﬂ(!0>+\1>)®\/§(!0>+|1>)‘

So |1) is not entangled. Such a state is called separable.

1.2 Measurement

When we perform the measurement of a qubit, we transform the quantum information

it contains into classical information. Every measurement is a projection and therefore

affects the state of the system.

18



Proposition 1.9 (Projection postulate). [19] If the state of the system is given by
|p) € H and we measure the system at eigenvalue A, then the state of the system after

the measurement is given by

Py|o)

|1 PAlo)

To understand exactly what this means, we first need to introduce some vocabu-

lary.

An observable is a measurable quantity of a quantum system, which is represented
by a Hermitian operator A on the Hilbert space H. The possible measurement results
of an observable A are given by the eigenvalues {\;};,c; of A. Suppose we perform a
measurement on a state |¢). Then the expectation value of the observable A on the
state |¢) is defined as

(A)s = (¢]A9).

If all eigenvalues {\; };c; are distinct and {|e;)} are the associated orthonormal eigenvec-

tors, by spectral decomposition (see A.9), A =, \i|e;){e;| and
(A)o = Z)‘i|<ei|¢>|2'

We can interpret the quantity |{e;|¢)|* as the probability to measure the value \;. The
expectation value can then be seen as the average over all the possible outcomes of
the measurement weighted by their probability of occurrence. The following defini-
tion is true for the general case, where the eigenvalues are not necessarily all dis-

tinct.

Definition 1.10 (Measurement probability). Let A be an observable. The probability

to measure the eigenvalue \; for a system in the state |¢) is given by

Pro(As) = [Py o)] 1%,
where Py, is the orthogonal projection onto the eigenspace associated to A;.
This definition does indeed define a probability distribution on the set of eigenvalues

of A, {\i}ier. Let d; be the dimension of the eigenspace associated to the eigenvalue

A and {|e; )i € T and k € {1,...,d;}} an orthonormal basis of eigenvectors. Then

19



Py, = Y0 leiw){ein| and

Pry(X) = [Py ]9)]]?

d;
> leir) (€irl @)
k=1

7

<€i,k [a) <ei,k|€i,k> <€i,k|¢>

2

I
= T M=
Ii

[{esrld)* > 0.

i
I

Moreover,

S Pr () = 33 el

iel i€l k=1

=lglI* = 1.

Proposition 1.11. [19] The probability of measuring a system in state |p) in state 1))
is given by

Pro([9)) = [(¥]9)]*.

Proof. Let |¢),|¢) € H such that ||¢|| = 1 = ||¢|| and take as observable the orthogonal
projection Py = |¢)(¢| onto the state |¢)).

Since P, is an orthogonal projection, thus idempotent, the eigenvalues satisfy A> =

and we deduce that the observable has eigenvalues 0 and 1. Now,

Pyl) = ),

so A = 1 is a non-degenerate eigenvalue with eigenvector |1) and the projection onto the
eigenspace of A = 1is P; = |[¢)(¢|. By definition 1.10,

Pry(1) = [|P1[)[I* = [[[¥) ()] = [[¥I*[(W]e)]* = [(wlg)]*.

O

In the two-dimensional Hilbert space H with orthonormal basis {|0), |1)} represent-

20



ing a single qubit system, an interesting observable is

1 0
Z - (0 _1) — 10)(0] — [1){1].

Z has eigenvalue 1 with associated eigenvector |0) and eigenvalue —1 with eigenvec-
tor |1). So, a measurement of Z projects the qubit onto a state of the orthonormal
basis of H. For a qubit state |¢) = «|0) + B|1) with |a|* + |3]* = 1, by proposition
1.11,

Pry(10)) = Pro(A = 1) = [(0]9)* = o]
Pry(11)) = Pry(A = 1) = [(19)|* = [B]*.

The observable Z allows to establish a link between classical and quantum bits.
If the result of a measurement of Z is 1, then the quantum system is in the state |0},
which represents the classical bit 0. On the other hand, if the measurement of Z yields
—1, by the projection postulate, the state of the quantum system is |1), representing
the classical bit value 1. A general qubit state |¢) = a|0) + 3|1) has no corresponding

classical bit value.

When performing a measurement in a multiple qubit system, we do not need to
measure the whole system, we can choose to do a partial measurement. In a two-
qubit system with |¢) = |¢1,d2) € H®? for example, we obtain the probability to
measure the first qubit in state |0) by

Pry(11 = 0) = Yy,eq01y 10, ¥2| b1, ¢2) .

1.3 Unitary transformations

When applying a transformation to a qubit, we need to make sure that the resulting
qubit state is still a valid state of norm 1. The transformations allowing this are the

unitary operators.
Definition 1.12 (Unitary operator). [19] An operator U : H — H is a unitary if for

all [¢), |¢) € H,
({Ug|U¢) = (¢[).

21



Proposition 1.13. [19] The following are equivalent,
(i) U is unitary
(ii) U*U =1d = UU*

(i) U] = |[$l] for all |¢) € H.

Proof. First, we suppose that U is unitary and we show that ||[Uy|| = ||¢|| for all
|) € H. By definition,

10| = JUe|U) = wlw) = [[4]]-

Using ||Uv|| = ||¥||, we can now prove that for any U*U = Id. Indeed,

Ul = 1¢l] = JUe|US) = /()

— (U Ul) = /(01
— U*U =1d.

Finally, we demonstrate that U*U = Id implies that U is unitary, since for all |¢), |¢) €
H,
(Uv[Ug) = (UUv[9) = (¥[0).

O

Proposition 1.14. If Uy and Us are two unitary matrices acting on the same space,

then U Uy is a unitary matriz on the combined state space.

Indeed,
(U U2)* (U1 Us) = UsUT U Uy = UsUsy = 1.

Proposition 1.15. If U; and U, are two unitary matrices, then Uy @ Uy is a unitary

matriz.

Indeed,

(U @ Uz)"(Ur @ Us) = (Uy @ Uy )(Uh @ Uz) = (U Uy) @ (UsUz) = 1) @ Is.

22



This proposition allows us to construct operators for systems of more than one
qubit. If U; and Us act on separate qubits, then the transformation on the total two-

qubit system is given by U; ® Us, where ® is the Kronecker product between the matrices
U1 and UQ.

Quantum transformations satisfy the relation

Ulp) = ¢) = Ulg) = [¥),

since the inverse of a unitary transformation U is given by its conjugate transpose U*.
This implies that all transformations on qubits (except measurement) are reversible,

which is not the case for transformations on classical bits.

1.4 Mixed states and density matrices

So far, we have only encountered pure states, which are a normalised superposition of
basis states. A mixed state is a statistical ensemble of pure states and can not be written

as a normalised linear combination of pure states.

Consider example 1.7 again, with the state |¢) = %(|0A 15)+|140p) in the combined
system H®? = H 4 ®Hp. Now, we can perform a partial measurement on the first qubit,
in H4. Two cases arise :

« the probability to find the first qubit equal to 04 is given by

2

L (01]10)

0101
0L+ 7%

o | 1 1
S (06506 —\ 201 + o010 ‘ e

Ype{0,1}

But if we measure the first qubit in state |04), then the combined state has to be
0415).

« the probability to find the first qubit equal to 14 is given by

2

L (01]10)

0101
0L+

5 |<ow3|¢>|2=\j§<00|01> \}zoouo ‘ .

Yp€e{0,1}

So if we measure the first qubit in state |14), then the combined state has to be
1140p).

23



Then, after the measurement on H 4, the qubit ¢ in Hp is in the pure state |15) with
1
2
not written using the Dirac notation).

probability = and in pure state |0g) with probability % ¢p is a mixed state (which is

So, when we have a mixed state, there are different possible outcomes, which are
pure states, and each of these outcomes has a certain probability to occur. This has
to be distinguished from a system being in a pure state |¢) = ¥, m, which is a
superposition of states. In this case, the system is described by |¢). Density matrices

allow us to represent both pure and mixed states.

Definition 1.16 (Density matrix). A density matriz is a Hermitian positive semidefinite

matriz p with Tr(p) = 1.

The definitions of Hermitian matrix, positive semidefinite matrix and trace are
recalled in A.8, A.10 and A.11. In the following, we will use the operator norm induced

by the Frobenius inner product.

Definition 1.17 (Frobenius norm). The Frobenius inner product between two operators
A and B is defined as
(A|B) = Tr(A*B),

I|A|| = /Tr(A*A). (1.1)

Consider a mixed state where |¢;) are the possible pure states and p; the probability

which induces the norm

of each possible outcome |¢;). Then the density matrix for this mixed state is given
by
p= Zpi|¢i><¢i|~

The density matrix of the mixed state ¢p in the example above is therefore given

: >'

)

N | =

1 1
pPB = §\OB><OB\ + §’OB><OB’ = (0

N[ =

Every density matrix satisfies the following properties.

Proposition 1.18. [19] For every density matriz p,

24



(i) there exist p; € R such that 0 < p; and >; p; = 1 and there exists an orthonormal
basis {|p;)} such that
p= Zpi|¢i>(¢i\,

(i) 0 < p* < p,
(iii) |lpl| < 1.

Proof. (i) As p is Hermitian by definition, all its eigenvalues p; are real and we can find

orthonormal eigenvectors {|¢;)} such that
p= sz‘|¢i><¢z'|~
p is also positive semidefinite, which implies for all i,

¢z|p¢z ij ¢z|¢] ¢]|¢’L> = Di-

From Tr(p) = 1, we deduce

1=Te(p) = z<¢l|p¢l —Zzpj (0ilo,) (9510) = sz

(ii) First, we show that p* > 0. Indeed, for any |¢) € H,

(0lp*d) = (p*dlpd) = (pglpe) = llp¢|* > 0.

Next, we need to show that p > p?, which equals showing p — p? > 0. We have that
2
7= (Znlodol) =X T mmlodle) o] = Srions)
% i J %

Therefore, for all |¢) € ‘H

(8l(p—p*)o sz (0]d)(0ilo) = sz (¢|d:)|2 > 0.

25



(iii) Finally, let us show that ||p|| < 1. By the definition of the Frobenius norm,
[lpl* = Tr(p"p) = Tr(p*) = Z (@ilp* i) = ZZPJ (@il (@il i) Zpl <1,
because 0 < p; <1 for all 4. O

We can also represent pure states using density matrices. If |¢) € H is a pure

state, then the probability of occurrence is p = 1 and the associated density matrix is

p=|o){¢|.

In the case of mixed states represented by a density operator, the system changes
through p — UpU*. We need to make sure that this is a valid mixed state, i.e. UpU* is

again a density operator, which is assured by the following property.

Proposition 1.19. [19] If p is a density operator and U a unitary transformation, then

UpU* is a density operator.

Proof. We need to verify that UpU* is Hermitian, positive semidefinite and of trace 1.
Since p* = p,

Now, let |¢p) € H. Then
(@I(UpU")p) = {U"¢|p(U")) = 0

because p is positive semidefinite. Last, by the cyclic property of the trace (see A.12)

and since U is unitary,
Te(UpU™) = Te(U*Up) = Tr(p) = 1.

]

Measurement rules can also be generalised to mixed states and the density matrix
representation. Let p = Y, pi|#i) (4] and A an observable. Then the expectation value

in mixed state p is given by

(A), = Tr(pA) = 3 pid ),

26



The measurement probability for mixed states is defined as
Pr,(A) = Tr(pPy) = (p| P»)

and the projection postulate for mixed states transforms into

 measurement, PAPP)\
Tr(pPy)
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Chapter 2

Classical random walks

The many applications of random walks in randomised algorithms and the need for ran-
dom walks with fast mixing lead us to the first approach attempting to reduce the mixing
time : lifted random walks. Before we define lifted random walks in section 2.2, in sec-
tion 2.1 of this chapter we start by introducing the formalism of finite Markov chains to

describe random walks, stationary distributions and mixing times.

2.1 Classical random walks

A classical random walk on a graph can be described as a finite Markov chain. This

section follows the introduction to finite Markov chains and mixing times given in

17].

Definition 2.1 (Finite Markov chain). A finite Markov chain is a sequence of random
variables (Xo, X1, X, ... ) taking values in a finite state space X and evolving according

to a transition matriz P = (pi;)ijex Such that
PY(XtH = j|Xt =14, Xi 1 =21,..., X0 = $0) = Pr<Xt+1 = j‘Xt = Z) = Dij- (2-1)
Property (2.1) implies that the transition from time step t to ¢ + 1 only depends
on X; and none of the previous steps, the chain is memoryless. As p;; does not depend

on t, then we call the Markov chain homogeneous. In the following, all the Markov

chains we consider will be finite homogeneous Markov chains.
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P is a stochastic matrix and P, the i*" row of P, defines a probability distribution
on the state space X given that the current state is ¢. Thus, for all 4,5 € X, p;; > 0

and

Yopy=1

jEX
for any ¢« € X. We denote u; the probability distribution over X after t steps, i.e.
we(i) = Pr(X; = 7). Then
fes1 = P = po P (2.2)

Alternatively, we have

per1(j) = Z 11¢(%)Pij

1eX
summing over the probability to be in state i after ¢ steps and to move from state ¢ to
7 at step t 4 1.

Let G = (V, E) be an undirected graph with vertex set V and edge set E. We
will only consider graphs with no multiple edges. The vertices u and v are neighbours,
we write u ~ v, if {u,v} € E and the degree deg(u) is the number of neighbours of

u.

A classical random walk on G can be described as a homogeneous Markov chain
with state space the set of vertices V. The edges between vertices represent feasible
transitions between states and transitions occur according to some probability distribu-
tion. The sequence (X, X1, Xs,...) can be seen as the path of a walker on the graph
G.

In the simple random walk on (G, at each vertex u, the walker picks one of the
neighbours of « uniformly at random, which yields the transition matrix P = (pyy)uvev

with
1 .
o = Toa(@)’ if u~wv.

0, otherwise.

If G is a weighted graph, we can take the weight on each edge into account to
construct the transition matrix. Let w,, be the weight assigned to the edge {u,v}, then

we define

Wyy

W’ lf'U,N'U
IS

0, otherwise.

Puv =
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A classical random walk on a graph G is completely determined by its transition
matrix P and the initial distribution on the position of the walker ug, due to equation
(2.2).

2.1.1 Stationary distribution

We are interested in the long term behaviour of the probability distribution p; on the
state space. What happens when ¢ — co? We will show that under reasonable condi-

tions, p; converges to a stationary distribution.

Definition 2.2 (Stationary distribution). A probability distribution = on X satisfying
the property
m=mP (2.3)

is called a stationary distribution.

We can also express the property (2.3) elementwise as

Tp= ) T (2.4)

i€x
for all j € X.
Example 2.3. Consider the simple random walk on a graph G, where p,, = m if
u ~v. Let m := Y,y deg(u). Then 7, = degT(“) is the stationary distribution for the

simple random walk on G. Indeed,

S rup = 3 deg(u) 1 _ deg(v) .

= = m  deg(u) m
for all v € V, which satisfies equation (2.4).

In particular, if G is a d-regular graph, i.e. deg(u) = d for all w € V, then the
stationary distribution is the uniform distribution over V', since m = d|V|. Thus for all

vevV,
d 1
dvi V]
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We would like to show that under reasonable conditions, a Markov chain con-
verges to its stationary distribution. To prove this, we need to introduce some defi-

nitions.

Definition 2.4 (Irreducible Markov chain). A Markov chain with transition matriz P

is irreducible if for alli,j € X, there exists an integer t such that (P');; > 0.

Irreducibility of a Markov chain means that any state can be reached by any other
state using a sequence of transitions of positive probability. Any chain representing
a random walk on an undirected graph is irreducible if the underlying graph is con-
nected.

Existence and uniqueness of a stationary distribution for irreducible Markov chains
is admitted. A detailed proof can be found in [17, Sections 1.5.3 and 1.5.4].

Let 7(i) = {t > 1: (P"); > 0}. 7(4) is the set of times where it is possible to return
to the starting state ¢. The period of a state ¢ is the greatest common divisor of the
elements 7(7) and the period of an irreducible Markov chain is the period common to all

states.

Definition 2.5 (Aperiodic Markov chain). A Markov chain is aperiodic if all states

have period 1.

To be able to compare probability distributions and talk about convergence, we need
to define a distance between probability distributions, which will be the total variation
distance.

Definition 2.6 (Total variation distance). Let p and v be two probability distributions.

The total variation distance is defined as

1
[l = vy = 2 Z s — vil.
i€X

Now, we have everything we need to formulate the convergence theorem.

Theorem 2.7 (Convergence theorem [17]). Let P be the transition matriz of an irre-

ducible, aperiodic Markov chain with stationary distribution w. Then

. 14 —
B e I(P ) = el =0,
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Because i is a probability distribution over the states: € X', we have
max [|(P");; — || = sup || P" — 7l]. (2.6)
iEX o

Therefore, theorem 2.7 implies that u; = poP? converges to 7 for any initial distribution

Ho-

The following lemma will be used in the proof of the convergence theorem.

Proposition 2.8. [17] Let P be the transition matriz of an irreducible and aperiodic
Markov chain. Then there exists an integer T > 0 such that for all i,7 € X andt > T,

(P > 0.

Proof. From number theory, we know that any set of integers S such that s > 0 for all
s € S, which is closed under addition and has ged(S) = 1, contains all but finitely many

of the non-negative integers [17, Lemma 1.30].

First, we show that 7(i) = {t > 1 : (P"); > 0} is closed under addition and has
greatest common divisor 1. By assumption, the chain is aperiodic, hence ged(7(i)) = 1
for all t € X. Let s,t € 7(i), then

(Pt > (P?)u(PY)i > 0

and s+t € X. Thus, there exists ¢(i) such that for all ¢t > #(7), we have t € 7(7).

Since the chain is irreducible, for all 7, j € X, there exists r (depending on ¢ and ),
such that (P");; > 0. For t > t(i) +r,

(PY)ig = (P7")i(P")ij > 0.
Let 7' = max;ex{t(i) + maxjex r}. Then foralli,j € X and t > T,

(Pt)ij > 0.
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Proof of the Convergence Theorem. By proposition 2.8, there exists T such that (PT);; >
0 for all 4,5 € X. Then there also exists 6 > 0 such that

(PT)ij 2 (571']'.

Let II be a square matrix containing the stationary distribution 7 in each row. We can

write

PT =611+ (1-0)Q, (2.7)
where () is a stochastic matrix.

Let 8 =1 — 4. We show by induction that
PTF = (1 — 0M)IT + 65 Q" (2.8)
The case k = 1 is true by (2.7a. Supposing the equality is true for k = n,

PT(n+1) — pTnpT

(1 ="+ 6"Q™)P"

(1 —0IIPT 4+ 0"Q™((1 — O)IT + 6Q)
(1—6"IPT +6"(1 — 0)Q T + "1 Q™+
( —

(

1— 0™+ 6™(1 — O)I1 4 g7 Q"+
1 — 9n+1)H + 0n+1Qn+1,

where we have used that 7 is the stationary distribution for P, thus IIP? = II, and since
() is a stochastic matrix, Q"II = II.

By multiplying both sides of (2.8) by P‘ and rearranging the terms, we obtain
PR 11 = g5(QF P! — 1),
which implies for all 7, j € X,
[(PT0)i; — 75| = 0°1(Q" P*)ij — mj].
Summing both sides over j and multiplying them by % yields

(P05 — 7|l = 0*([(Q"P)i. — =] < 6"
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Figure 2.1: 6-cycle

for all i € X, since ||(Q¥P?);. — || < 1. Because 0 < § < 1, 6* tends to 0 as k — oo,
which concludes the proof. ]

Aperiodicity is indeed a necessary condition for this theorem to work.

Example 2.9. Consider the simple random walk on a 6-cycle represented in figure 2.1,

which has transition matrix

v,

I
= O O O N O
O = O e O O
N Ok O O O
O v O O O i

S O O e O =
O O Nk O Nk O

The stationary distribution of this random walk is 7 = (%, %, %, %, %, %), since the

6-cycle is a regular graph with 6 vertices (see equation 2.5). However, if the walk starts

on an even vertex, then for all i € {1,...,6},

(P?");; = 0 if j is even,
(P?*1h),; = 0/if j is odd,

because this walk is of period 2. So, (P');. can never converge to 7.
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2.1.2 Mixing time

Now that we have established that irreducible and aperiodic Markov chains converge to a
limiting distribution, which coincides with the stationary distribution, we are interested
in the convergence speed of a Markov chain to its limiting distribution, which is measured
by the mixing time. Let

d(t) := sup 1o P — ],

Definition 2.10 (Mixing time). Given ¢ > 0, the mizing time is defined as the smallest

integer at which p; gets e-close to w for any initial distribution py,

M, =min{T|Vt > T : d(t) < e}.

In the literature, usually ¢ = i We can relate Mi to M, for any other ¢ via the

following equation,

1
M. < log, (=) My.
12 4
There are many different ways to bound the mixing time of a Markov chain. The
mixing time of a reversible, irreducible and aperiodic Markov chain can be upper and
lower bounded using the absolute spectral gap. Let P be the transition matrix of a given

Markov chain. Then P is said to be reversible if
TiPij = TiDPji

for all 7,7 € X. The simple random walk and the random walk on a weighted graph are
examples of reversible Markov chains. Let {\;} be the set of eigenvalues of P such that
|A1] > |2 > -+ > |Ay|. Since P is a non-negative matrix describing an irreducible and
aperiodic Markov chain, A\; = 1 and —1 is not an eigenvalue of P [17, Lemma 12.1]. Let

A = max{|\|, A # 1}. The absolute spectral gap is given by 1—\,.

Theorem 2.11 (Spectral gap bound on the mixing time). [17, Theorem 12.4 and 12.5]

Let € > 0. For an irreducible, aperiodic and reversible Markov chain,

s 1 1 1
o S M. < —1 ;
1 — A log(2e) — 11— o8 <57rmm>

where Ty, = Miney ;.
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We can also relate the mixing time of a random walk to the geometrical structure
of the underlying graph G through the conductance. The conductance measures how

difficult it is for the walker to leave a subset of vertices.

Definition 2.12 (Conductance). Let P be the transition matriz of a Markov chain with
stationary distribution w. For S C X, let w(S) = Y;cgmi. The conductance is defined

as
. 2iesjgs Tibij
o(P) = min (S)

m(S)<3
Theorem 2.13. [17, Theoremm 7.4] Let ¢ > 0 and ®(P) be the conductance of the
Markov chain P. Then

M. >

10(P)’

However, both the spectral gap and the conductance of a random walk on a graph

are difficult to calculate in general.

2.2 Lifted random walks

Let G = (V, E) be an undirected connected graph with n vertices and P the transition
matrix of a random walk on G with stationary distribution 7. If P for example describes
the simple random walk on G, it is possible that the walker moves from a vertex u to
v and back to u at the next step, which increases the mixing time. We would like to
develop methods to decrease the mixing time of a random walk. One possibility are
liftted Markov chains, which provide some memory to the random walk and reduce the
probability of the walker going directly back from where it came. A lifted Markov chain
is a Markov chain on a lifted graph with an extended state space. Chen, Lovasz and
Pak established bounds on the mixing time of lifted walks in [7]. Apers, Ticozzi and
Sarlette later studied lifted Markov chains and their mixing time in a broader context
in [5], studying the constraints on the lifting that affect the mixing time. The bound
established in [7] is true for one set of constraints elaborated in [5]. This section is based

on both of these papers.
Definition 2.14 (Lifted graph). Let G = (V, E) be a graph with n vertices. Then

G= (V, E’) with 1 vertices is a lifted graph of G if there exists a surjective map c : VoV
such that (i,7) € E only if (c(i),c(j)) € E.
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The map ¢ can be seen as a projection of the graph G onto the underlying graph

1 associates to each vertex u of G the set of vertices in G that are

G and the map ¢~
projected onto u, i.e. all i € G such that ¢(i) = u. The map ¢ can be represented as a

matrix C' of dimension # X n with
1 ife(i) =uw
Ciu =

0 otherwise.

Let v denote a probability distribution on the set of vertices V' of the lifted graph. We
can obtain the associated marginal distribution p on the vertices of the underlying graph
by

p=uvC. (2.9)

By definition of C, this equation is equivalent to p(u) = > ;c.1(y) (7).

On the lifted graph é’, we perform a random walk evolving through repeated appli-

cation of a stochastic matrix A,
t
Vi1 = VtA = I/OA s

for an initial distribution 4. A needs to satisfy the locality constraint of the underlying
graph G, which means that a transition from ¢ to j in G is only admissible if the edge
(c(i),c(j)) exists in G. Therefore, if (c(i),c(j)) € E, we necessarily have A;; = 0. The
distribution u; on the vertices of the underlying graph G after ¢ steps of the random
walk on G is obtained by

e = 1, C.

When defining a lifted random walk, the lifted walk can be affected by many different
constraints. A first parameter to be specified is the initial distribution 1. We can either
take any probability distribution on 1 (s) or a probability distribution obtained from the
initial distribution pg on V' (S). In the latter case, uo(u) is the probability attributed to
each vertex u € V and this probability needs to be lifted onto the set of vertices ¢~ (u) in

a way that for all pg, the linear map F' that maps ug to vy satisfies
poF'C = po,

which means that F,,; = 0 if ¢(i) # u. So the relevant initial distributions in this case

are of the form vy = pokF'.
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Furthermore, our goal is still to make y; converge as fast as possible to 7, which
means that for some ¢, u; = 1,C' = 7. However, the convergence of the marginal
distribution p; does not necessarily imply that 1,,1C' = 7. So we can either impose that
1nC = for all t > T such that vpC = 7 (i) or accept that for some ¢t > T, we have

1nC #m (I).

Another constraint concerns the reducibility. For the random walk on G described
by transition matrix P to converge to a unique stationary distribution, it has to be
irreducible. The lifted Markov chain described by A can be defined to be either reducible
(R) or irreducible (r).

A further constraint on the ergodic flows of the lifted Markov chain is presented
in [5]. The ergodic flow of an irreducible aperiodic Markov chain P is defined as
QP) = p,,m,. The ergodic flow for the lifted chain A with stationary distribution #

A(AT)

is similarly given by @,

i = ay7t;. To compare the flows for A and P, first we de-

fine

A (A7) o A (A7)

Qc—l(u),c—l(v) - Z Qij )

i,5:¢(i)=u,c(j)=v

Then we construct the Markov chain P which satisfies P{4% 7, = Ql(f_l’fa) 1) We
call P47 the induced Markov chain on G by A and #. Now, we can define a lifted
Markov chain without any restriction on the ergodic flows (E) or with ergodic flows
matching those of P, i.e. P4 = P (e).

Example 2.15 (Diaconis lift [8] on the 5-cycle). Let G be the 5-cycle with V =
{1,2,3,4,5} and consider the simple random walk on G. Then a walker on vertex
v € V moves to one of its neighbours v +1 mod 5 or v — 1 mod 5 with probability %,

as represented in figure 2.2. The transition matrix for the simple random walk is given
by

0100}
Logloo
02040
004301
Logolo
and the stationary distribution is 7 = (é, N3 %)

First, let us construct the lifted graph G. For every vertex n in (G, we construct

two vertices v and v~ in the lifted graph G , adding a sense of direction to every node.
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Figure 2.2: Simple random walk on 5-cycle

The projection of G onto G is given by ¢(v) = ¢(v™) = v for all v € V. The set of

allowed edges according to definition 2.14 is given by £ = {(v*, (v £1 mod 5)*) : v €
‘/7 s € {+a _}}

Now, we would like to define a random walk on G, where the walker’s next step
depends on the previous one. Intuitively, the walker will continue in the same direction
as the previous step with high probability and switch direction with low probability.
To put transition probabilities on the edges, we proceed as follows. Let P, be the
permutation matrix for a clockwise rotation on G and P_ the counter-clockwise rotation
on G. If the walker is for example on vertex v™, the "+" indicates that the previous
position was vertex (v — 1 mod 5)*, i.e. the walker moves in clockwise direction. At
the next step, the walker will move to vertex (v + 1 mod 5)%, continuing in clockwise
‘—é.' = 2 or to vertex (v+1 mod 5)7, switching from the
1

clockwise to the counter-clockwise direction, with probability ﬁ = . The adjacency

direction, with probability 1 —

matrix of this walk is given by the block matrix
4 1
1 4 :
P P

This lifted random walk on the 5-cycle is represented in figure 2.3. On the outer circle,
the walker only moves clockwise, on the inner circle only counter-clockwise and there
is a small probability to switch from one circle to the other. Note that we only use a
subset of the allowed edges E.
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Figure 2.3: Diaconis lift on the 5-cycle
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The Diaconis lift on the 5-cycle satisfies the set of of constraints (slre). Indeed, the
lifted graph G is connected and the lifted Markov chain is irreducible. The stationary
distribution of the lifted walk is the uniform distribution 7#; = é = 1—10 for all i € G.
A simple calculation allows to show that the induced chain P on G coincides with
P, thus the lifted Markov chain has matching ergodic flows. Moreover, the Diaconis lift
does not satisfy the invariance of the target distribution constraint. Take for example

the following initial distribution on the vertices of G,

L()LL).

10 10

_ (1 1 1 1 1)_
wC = (5 5 5 5 5) =
However, when applying one step of the lifted walk, we obtain

VIZVOA:(L 0 L 2 3 1 g 1 3 3)7

10 10 50 25 10

and
1/102(% 0+ & 1%)#71

Therefore, the Diaconis lift on the 5-cycle takes place in a (slre) scenario.

2.2.1 Mixing time

There are to ways to measure the mixing time of a lifted random walk. One way is to
calculate the mixing time of the probability distribution 1, to its stationary distribution

7 on the set of lifted vertices V, ie.

M, = min{T|Vt > T : sup ||rpA" — #||rv < €}.
Vo

Another possibility is to calculate the marginal mixing time of v;C' to the stationary
distribution 7 on V, since our objective is to accelerate the mixing time of the random

walk on the underlying graph G.
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Definition 2.16 (Marginal mixing time). Let m be the stationary distribution of a ran-
dom walk on G and A the transition matriz of a lifted random walk on G. Let & > 0.

The marginal mizing time is defined as

Mparge = min{T|Vt > T : max ||y A'C — 7||py < €}.
vo

Different combinations of constraints on the lifted Markov chain give rise to different
bounds on the mixing time. The study and proof of these bounds is the purpose of the
paper [5] by Apers, Ticozzi and Sarlette. The proofs make use of basic building blocks
to construct lifted random walks satisfying the different constraints. However, those
constructions are more existential than practical from an algorithmic point of view, as
they might rely on extensive optimisation processes. We will content ourselves with

stating the results, the interested reader will find the details in [5].

For the combination of constraints (SI), it is possible to determine an upper bound
on the mixing time that depends on the diameter of the underlying graph G. The graph

diameter D(G) is the maximum distance between two vertices in G.

Theorem 2.17. [5, Theorem 2] For the set of constraints (SI), except (SIre), there
exists a lifted Markov chain such that

This is the best possible reduction of mixing time we can achieve for lifted random
walks, since no random walk on a graph can mix in a time shorter than the graph
diameter. In the opposite case of (si) however, it was shown that this set of constraints

is too restrictive and does not allow to reduce the mixing time.

Theorem 2.18. [5, Theorem 1] For a lifted Markov chain A on G with constraints (si),
there exists a non-lifted Markov chain P that behaves like A.

Now, let us consider the cases (Si) and (sI). In both of these cases it is possible to es-

tablish a lower bound on the mixing time in terms of conductance.

Theorem 2.19. [5, Theorem 4 and 5] For scenarios including (Si), we have the lower

conductance bound .

M .
8P

> M

marg,%

v

1
1
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Note that we have used the notation ® instead of ®(P). & denotes the graph con-
ductance and is obtained by taking the maximum over all admissible transition matrices

P with stationary distribution 7. Finally,

Theorem 2.20. [5, Theorem 3] For a lifted Markov chain satisfying the constraint (s),
we have )
M% > M >

marg,i - 4@7

and if we add the constraint on matching ergodic flows, (se),

M, > M

margs = 4Q(P)’

PN

To illustrate how lifted walks can reduce the mixing time compared to non-lifted

walks, let us once again take the example of a cycle.

Example 2.21. In the non-lifted case, the mixing time on the N-cycle is of order N2,
as shown in [10], and the simple random walk is the best possible walk on the cycle.
Now, since the Diaconis lift satisfies the constraints (sIre) and the conductance ®(P)
of the underlying simple random walk is of order ﬁ, by theorem 2.20, the marginal
mixing time satisfies a lower bound of order N. (It is possible to build a lift on the cycle
satisfying the constraints (Si) and therefore satisfying the upper bound D(G)+ 1. With
the diameter of the N-cycle being %, this shows the mixing time of a lifted walk is of
order N [5].)
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Chapter 3

Discrete-time quantum walks

Quantum walks are the quantum counterpart of classical random walks. The key idea for
quantum walks is to use quantum states instead of classical states. Since quantum states
change through unitary transformations, this allows us to use a wider range of transfor-
mations, using matrices with negative or complex entries, as opposed to the stochastic
matrices used for classical random walks. The hope is to achieve better properties than

classical random walks, for example a speedup in mixing times.

3.1 First approach : quantum walk on the line

We will start by taking a look at quantum walks on the integer line, before defining quan-

tum walks on general graphs. This section is based on [3] and [16].

A classical random walk on the line starts in 0 and the walker moves left (—1) with
probability % or right (+1) with probability %, such that the set of possible positions is

7Z. Now, we want to adapt this process to the quantum case.

The first idea is to take the basis states |n) with n € Z and apply a unitary
transformation
In) — Uln) = aln — 1) + bjn + 1),

where a,b € C do not depend on n and a represents the amplitude of moving one step to
the left, i.e. the probability of moving left is given by |a|?, and b denotes the amplitude
of moving to the right. Unfortunately, U is only unitary for the trivial transformations,

where the walker always moves left or always moves right.
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We can solve this problem by adding a coin space to the position space of the walker.
The coin space is introduced to decide if the walker moves left or right on the line, like
defining a classical random walk by tossing a coin and deciding to move left if it show
tail and move right if it shows head. The position space Hp is the Hilbert space spanned
by the position’s basis states {|n) | n € Z}. The coin space H¢ is spanned by the two
basis states {|),|r)}, since at each position the walker can go left or right. We define

the states of the total system in the Hilbert space
H=Hp®Hc,

with basis states
In,£) :=|n) @ |¢) and |n,r) = |n) @ |r).

When applying a step of the quantum walk, we first perform a coin flip transformation C,

which acts on the coin space and leaves the position state unchanged :

(I ® C)|n,l) = aln, ) + bln,r)
(I & O,y = cln, €) + din, 7).

A frequently used coin transformation is the Hadamard coin

1 (1 1 1
H="5 ( ) = E(WWI H O] + ) (] = [r)(r]).

1 -1
A different coin operator will result in a quantum walk with a different behaviour.

After the coin flip, we execute a shift operator S according to the result of the coin

flip. The shift operator can be defined as

S=S"|n—1ne 0+ |n+1)(n| )

nez neL

such that when the coin state is |[¢), the walker moves one step to the left and when the

coin state is |r), the walker moves one step to the right,

Sln,l) = |n—1,¢)
Sin,r) = |n+1,7).

A single step of the discrete quantum walk is thus equivalent to applying the unitary
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transformation

U=S-(I®C)

to the initial quantum state. U is indeed unitary by 1.14 and 1.15, because S, C' and [

are unitary.

Definition 3.1 (Discrete quantum walk on the line). A discrete quantum walk of t steps
on the integer line is defined as the unitary transformation Ut, where U acts on a state
in the Hilbert space H = Hp @ He and is given by

U=S-(CxI).
The total state of the system after t steps starting in state |1y) € H is

|1/’t> = UtWO)‘

Example 3.2. Let [1)y) = |0, ¢) be the initial state of the quantum system on the integer
line, i.e. we start in position |0) pointing to the left. If we apply one step of the quantum
walk with the Hadamard coin H and the shift operator defined as above, we obtain the

state

Wl) = UW0>
=5-(I®H)(0,0)

_S (\}§|O,€> + ;§|0,7">>

1
= W(Sm’@ + 510,7))
= (L0 + 1)),

V2

When measuring this state, we observe that, starting from initial position |0), the prob-

ability to be at position |1) is 1 and the probability to be at position | — 1) is 2. So

measuring the quantum walk with the Hadamard coin H after one step is equivalent to

one step of the simple classical random walk on the integer line.
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We can let the quantum walk evolve for several steps, which yields

|the) = Ulhn)
1
1 i

1 1 1
_ \/§'S<\/§| ~LO+ sl =L+ 510 - \/5|1,r>>
= 2= 2.0 +10,7) +10,0) — [2,7)).

A measurement after the second time step returns a probability of % to be in position
state | — 2) or |2) and § to be in state |0).

[5) = UPfo)
1
=55 =30+ =L+ =10~ L)+ =LO+ L)~ [LO +[3.7))

1

T 2/2

After the third step of the quantum walk, we start to see some differences between the

(| =30 +|—1,r)+2] —1,0) — [1,0) +|3,7)).

classical and the quantum case. In contrast to the classical random walk, we observe
that due to quantum interference some states cancel out and other states add up. After
measurement, we obtain the position states | — 3), [3) and |1) with probability § and
| — 1) with probability %, which is not the same probability distribution as for the simple
classical walk on the line after 3 steps. The probability distribution of the simple classical
walk on the line after a great number of steps is symmetric, peaked around the origin
and dropping of exponentially on both sides. The quantum walk with the Hadamard

coin and initial state |0, ¢) yields a distribution that is peaked on the left.

If we start the walk on state |0,r), however, the probability distribution after a
large number of steps will be peaked on the right. A symmetric starting state, %\O, )+
%|07 r) will lead to a symmetric distribution that is approximately uniform around the
origin and peaked on the far left and right. We can also obtain a symmetric distribution

on the positions by taking a coin that treats both initial states |0, ¢) and |0,7) the same

1 (1
C:ﬂ(z 1)'

So the choice of the initial state and the coin operator have an impact on the probability

way, for example
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distribution on the positions we obtain after ¢ steps of the walk.

Another difference between the classical and the quantum walk appears when con-
sidering the expected distance from the origin. In the case of a simple classical walk on
the line, after ¢ steps the expected distance of the walker from 0 is of order v/#. On the
other hand, the expected distance from origin of a quantum walk is of order ¢, which
implies a quantum walk on the line propagates quadratically faster than its classical

counterpart [4].

3.2 Quantum walks on general graphs

The quantum walk on the line is an interesting first approach and allows us to get a first
idea of how a discrete-time quantum walk evolves and differs from a classical random
walk. However, applications-wise it would be more interesting to be able to describe

quantum walks on more general graphs in higher dimensions.

Discrete-time quantum walks can be described by several different models. In this
work, we will only present two of these models. First, the shunt-decomposition model,
which is usually applied to regular graphs and also uses a coin space, like the quantum
walk on the line we described in the previous section. The second model is the arc-
reversal model. This model does not use a separate position and coin space. The

description of these two models follows [11] and [12].

3.2.1 Shunt-decomposition model

Let us now consider a d-regular undirected graph G' = (V, E) in which each vertex is
of degree d. As for the quantum walk on the line, the possible positions of the walker
are the positions it can take in the graph, which are the different vertices. Thus the
position space Hp is spanned by {|u) | u € V'}. We would also like to specify a direction
at each vertex. But instead of only being able to go "left" or "right" as on the line, at
each vertex, there are d possible directions and the basis of the coin space H¢ is given
by {|1),...,|d)}. For every vertex u € V, we label all the edges adjacent to u with
j € {1,...,d}. Then the total quantum space for the walker is H = Hp ® Hc and
the state associated to a position of the walker on vertex u and pointing along the edge

labeled j on u’s end is given by |u, j) := |u) ® |7).
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In a similar way to the quantum walk on the line, we want to define a condi-
tional shift operator S according to some labeling of the edges. For every u € V,
let

fu:{l,...d} = {v:u~v}

be a linear order describing the labels on the edges. If the directed arc (u,v) is labeled
J, which means the edge {u,v} is labelled j on u’s end and f,(j) = v, then the walker

moves along the edge labeled j to vertex v,

Slu, j) = 1£u(3),3) = v, ).

By definition, S is a binary matrix and each column contains exactly one 1. Moreover,
S has to be unitary, which implies that the set of linear orders {f, : v € V'} can not be
arbitrary. In fact, each label j needs to induce a permutation P; on the set of vertices

V. These permutations are called shunts.

Definition 3.3 (Shunt decomposition). A shunt on an undirected graph G is a permu-
tation of its vertices, that maps each vertex of the graph to one of its neighbours. A

shunt decomposition is a collection of shunts partitioning the arcs of G.

Since G is d-regular, a shunt decomposition consists of d shunts and because a shunt
decomposition partitions the arcs in GG, the permutation matrices for each label add up
to the adjacency matrix A(G) of G,

AG) =P +---+ Py

We then define
P

S = &
Py

Next, we need to choose a unitary coin transformation C'. Since the coin space H¢
is d-dimensional, the coin transformation for a d-regular graph has to be a d-dimensional
unitary transformation. The choice of coin transformations is very large and depends on
the specific properties we wish to achieve with the quantum walk. If we want a balanced

coin for example, where every direction occurs with the same probability é, we can use
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the Fourier coin

1 1 1 1
1 |1 w w? o w1
F=—
Vd :
1 w1 21 d=1)d-1)

where w = e’ is the d-th root of unity. The Fourier-coin is a generalisation of the
Hadamard coin to higher-dimensional coin spaces. Another frequently used coin trans-

formation is Grover’s operator

| o
< RN Al

)
I
ceeoav
ISHIN

[SHLN]
ISHIN
SIS

The unitary transition matrix U defining a shunt-decomposition walk on a d-regular
graph G is given by
U=5(,®0),

where [,, is the n x n identity matrix.

Example 3.4. Let us perform a shunt-decomposition walk on the undirected graph
G = (V, E) represented in figure 3.1.

Figure 3.1: 3-regular graph G
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We define the following linear order on the neighbours of every node u € V:

fi(l) =5, f1(2) =4, fi(3) =3
fo(1) =4, f2(2) =3, f2(3) =5
f5(1) =2, f3(2) =1, f3(3) =4
fa(1) =3, fa(2) =2, f1(3) =1
f5(1) =1, f5(2) =5, f5(3) =2
This set of linear orders induces the permutations
00001 00100 00010
00100 00010 00001
P=]100010|,AR=]01000|,5=]10000{,
01 000 100 00 00100
1 0000 00001 01 000

and we can verify that A(G) = P, + P, + P3, so the set of linear orders is valid. Thus,

the shift operator for this shunt-decomposition is given by

P 0 0
S=10 P 0
0 0 P

Next, we need to choose a coin, for example the Grover coin

ol it w‘ |
o
5 |
wlto w‘._.w\w
c,o‘ | oo woro
[u

The unitary transition matrix for the Grover walk on G with the linear orders specified
above is
U=5-(I;®G).

With initial state |1y) = %(\1, 1)+11,2) + |1, 3)), the state after 1 and 2 time steps
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is given by

1) = Ulto)
_ \}35 (;1|171> i §|172> 4 §|1,3> + §|1,1> + _31|1,2> + §|1,3>
+ §|1, 1)+ §I1,2> + _31|1=3>>
_ \}gsm, 1) +1,2) + [1,3)
— \}gs (15,1) +14,2) +13,3)),
1

|[12) = 33 (—[1,1) +2[1,2) +2[1,3) + 22, 1) —|2,2) +22,3)

+2|3,1) — [4,3) +2/5,2)).

So after two steps, we will find the walker on vertices 1 and 2 with probability %, on

vertices 3 and 5 with probability % and on vertex 4 with probability %

Remark 3.5. The set of d linear orders partitioning the arcs of GG can be interpreted as
a d-colouring of the edges in the bipartite graph Ky x G. The graph K5 x GG contains the
edge {u,v'} if {u,v} is an edge in G. The edges of one colour form a perfect matching
of Ky x G.

Figure 3.2: edge-colouring of the bipartite graph Ky x G

On the graph G of example 3.4, we can give each of the three labels a colour and

colour the edges in Ky x G according to these labels,
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o {u,v'}isredif f,(1)=v
o {u,v'} is blue if f,(2) =v
o {u,v'} is green if f,(3) = v,

as it is shown in figure 3.2. So there is a bijection between the decomposition of the

adjacency matrix into permutation matrices
A(G):P1+P2+P3

according to the linear orders and a d-colouring of Ky x G. This is true for every d-regular

graph G.

This remark allows us to prove the existence of a shunt-decomposition for every

d-regular graph.
Proposition 3.6. [12] Every d-regular graph G admits a shunt-decomposition.

Proof. We can construct the bipartite d-regular graph K5 x G. The proof follows from
the fact that every d-regular bipartite graph admits an edge-colouring with d colours
[15]. In remark 3.5, we constructed a bijection between a d-colouring of the edges in

Ky x G and a shunt-decomposition. O

3.2.2 Arc-reversal model

Let G = (V, E) be an arbitrary undirected graph. We will view G as a directed graph
by replacing each edge {u,v} by a pair of arcs in opposite directions, (u,v) and (v, u).
As the name of this model implies, in the arc-reversal model we perform a walk on the
arcs of the graph rather than the vertices. Suppose G has m arcs. Then the space of
the system is a m-dimensional Hilbert space with basis states |(u,v)) associated with

the arcs (u,v).

Remark 3.7. A state |u,j) where the walker is at vertex w pointing along the edge
labelled j is equivalent to |(u,v)), where v is the endpoint of the edge labelled j.
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To define an arc-reversal walk on a graph GG, we need to define two unitary matrices.

First, a permutation matrix

reversing the arcs such that
R|(u,v)) = [(v, w)).

Since R is a binary symmetric matrix, it is clear that R is unitary. The second matrix

is the block diagonal coin matrix

Cy
Cy

Ch

For every vertex u € V, C, is a unitary matrix of order deg(u) that sends the j arc
of u to a superposition of all outgoing arcs of u. To be able to talk about the j* arc
of a vertex, as in the shunt-decomposition model, for each vertex u we need to define a

linear order on the set of neighbours of wu,
fu:4{1,2,...,deg(u)} = {v:u~ v}

This way, fu(j) describes the j* neighbour of u and (u, f,(j)) the j* arc. The lin-
ear order is used to index the rows and columns of R and C' by the arcs in the or-
der

(17 fl(l))> R (L fl(dl))a (27 f2(1))v ] (27f2(d2))a ] (n7fn<1))’ ] (n,fn(dn)),

with d, := deg(u).

Note that both R and C' are matrices of dimension m x m. Finally, the unitary

transition matrix U of the arc-reversal quantum walk is given by
U=R-C,

so that at every step of the walk, we first perform a coin flip and then an arc rever-

sal.
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Example 3.8. Consider the undirected graph G = (V, E) in figure 3.3.

O

®

Figure 3.3: undirected graph G

First, we replace each edge by two arcs going in opposite directions. Then we choose

an arbitrary linear order on the neighbours of every node v € V,

H(1) =2, f(2) =3, [i(3) =4,
f(1) =1, f2(2) =3,

f(1) =1, f3(2) =2,

fi1) =1

Indexed according to the linear order, the arc-reversal matrix for GG is given by

(1,2) (1,3) (1,4) (2,1) (2,3) (3,1) (3,2) (4,1)

0 0 0 1 0 0 0 0\ (1,2)
0 0 0 0 0 1 0 0 |(,3)
0 0 0 0 0 0 0 1| (1,4)
ro| 1 0 0 0 0 0 0 0 |21
0 0 0 0 0 0 1 0 |(23)
0 1 0 0 0 0 0 0o |31
0 0 0 0 1 0 0 0 |3,2)
0 0 1 0 0 0 0 0/ (4,1)

Now, we provide every vertex u € V' with the balanced Fourier coin. Since deg(1) =
3, Cy is of dimension 3 x 3, deg(2) = deg(3) = 2, so Cy and Cj are 2 X 2 matrices and
deg(4) = 1, thus Cy is a 1 x 1 matrix. This yields the following block diagonal coin
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matrix

(1,2) (13 (L4 21 23 61 (32 A1)
1/vV/3 1/V3 1/v/3 0 0 0 0 0\ (1,2)
1/vV3 e5/V3 e5/V3 0 0 0 0 0 |(1,3)
1/V3 e5/V3 e /V3 0 0 0 0 0 |(1,4)
c—| 0 0 0 1/vV2 1/V2 0 0 0 | (2,1
0 0 0 1/vV2 —1/v/2 0 0 0 |(2,3)
0 0 0 0 0 1/vV2  1/V2 0 |(3,1)
0 0 0 0 0 1/vV2 —1/v/2 0 |(3,2)
0 0 0 0 0 0 0 1/ (4,1

Suppose the initial state of the system is |¢)g) = [(3,1)). Then after one iteration
of the arc-reversal walk, the system will be in the state

1) = RC|(3,1))
—R (\2\(3, 1) + \}§|(37 2)))
1 1
_ ﬁ“l’?’» + EKQ’?’»'

A second iteration yields the state

) = 212, 10) + 1.1} + Sl D) + 5101.2) = 5163.2)

After two steps of this walk, the probability of the walker being at vertex 1 is i, the

probability of being at vertex 2 or 4 is é and the probability of being at vertex 3 is %

Remark 3.9. For the arc-reversal model with the Fourier coin, the linear orders f,
influence the walk, but all linear orders yield valid states. The walk with the Grover

coin is indifferent to the linear order.
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Chapter 4

Limiting distribution and mixing time

As for the classical random walks, in the quantum case we are interested in the limiting
distribution and mixing time of the quantum walk. Since quantum walks use unitary
transformations, the limiting distribution is not as straight-forward to obtain as in the
classical case, which is why we introduce average states and probabilities in section 4.2.
To obtain a definition of limiting distribution that supports both the arc-reversal model
on the arcs of a graph and the shunt-decomposition model describing a quantum walk
on the vertices, in this chapter we will work with arc probabilities. They are the more
suitable choice, as they can be converted to a probability distribution on the vertices.
Aharonov et al. in [2] studied the mixing time on the vertices. Godsil and Zhan extended
this work to arc probabilities in [11], [12] and [20]. This chapter is based on the latter

references.

4.1 Probabilities in terms of density matrices

Let G = (V, E) be an undirected graph with n vertices and m arcs, where we have re-
placed every edge {u,v} € E by the set of arcs (u,v) and (v, u). Take a discrete quantum
walk on GG evolving according to the unitary matrix U. If the quantum walk starts at ini-

tial state [1)g), then after ¢ steps, the state of the system is given by

(1) = U'[tho)-
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After measurement, we obtain that the walker is found on arc (u,v) after ¢ steps when

starting in state |¢)g) with probability

Pry((u, v)[vo) = [{(u, v)[¢) .

Now, the density matrix for the pure basis state |(u,v)) associated with arc (u,v)
Is
Pluw) = |1, 0))((u, v)].
For initial pure state pg = [1) (1|, the state of the system after ¢ steps can be described
by the density matrix

pe=U'po(U")" = U'[too) (ol (U")" = [} (e].

Since p; = p; and {|(u,v))} forms an orthonormal basis, by definition of the trace (see

A1),

(Pt Ptuw)) = Te(pip(uw))
= > (W ) o (u', 0))

(u'v")

> () n) (Wl (e, )M (s, 0) | (', 0))

(w )
((, 0)[100) (W] (w, v))
= [{(u, 0)[9e) .

The equation above allows us to express the probability of finding the walker on arc

(u,v) starting from state |¢)p) in terms of density matrices,

Pry((u,v)[v0) = (el pruw))-

We could also be interested in the probability of finding the walker on a set of
arcs. For any subset S of arcs, we define the uniform mixed state density matrix over S

as

1
pPs = E Z Pluw);
(u,w)es
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and the probability of the walker being on any of the arcs in the set S'is given by

Pry(Slvo) = > Pri((u,v)[th).
(u,v)€S
This allows us to determine the probability of finding the walker on a specific vertex
u instead of an arc by taking the sum of Pr;((u,v)|pg) over all the outgoing arcs of
u?

Prt(“’W}O) = Zv:u v Prt((“? U)|¢0>

We can rewrite

Pr(Sie) = X (nlocen) = 15I{odJi

(u,v)€S

> P(u,v)> = |S|(pelps), (4.1)

(u,w)eS

which is a more convenient notation.

4.2 Average limiting distributions

As in the case of classical random walks, we are interested in the limiting behaviour of
the walk. However, the quantum walk evolves trough a unitary transformation U, so
neither the probabilities on the arcs defined by Pr,(S|iy) nor p; do converge, since for
all £,

|Uo — tholl = [JU™ 4o — Uty |.

To avoid this problem, we define the average state and the average probability.

Definition 4.1 (Average state after T steps). The average state of a quantum walk after
T steps is defined as

~
-

™

_ 1
Pr = f Pt

o

Definition 4.2 (Average probability after T steps). The average probability of a quan-

tum walk after T steps is given by
1 T-1

Prr((u,v)lpo) = ZO Pry((u, v)|po).
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The average state and average probability converge and we can express their limits

using the spectral decomposition of U as detailed in A.9, with \; = i

U= Z e p;, (4.2)

and Pf = P; = P?.

Theorem 4.3. [12] Let U be the unitary transition matriz of the discrete quantum walk

on G with spectral decomposition (4.2). Then

lim pr = Z iPo b

T—o0

Proof. First, let us show that we can write

1 _ e’iT(e (“)k)
pr = Z ipo P + = T Z 1= oi®; ) PjpoPy.. (4.3)
J7#k

The spectral decomposition of U is given by
U= Z "9 P;,

where P; is Hermitian, thus P; = P;. Moreover, the complex conjugate of e®i is €79

and U' =Y, €9 P;. Tt follows that
pr = (U")po(U*)*
(g fen)
j k
— Z eit®]e 1t9kP pOPk
_ Z eit(ijGk)PijPk

Z ool + Y MmO Py Py
J#k

Therefore,

1T—1
— _ = p
T 2"
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T—1
LT Z(Ze“@ ) PPy
];ék t=0
62T(®]—®k)

Z ipo Py + = %M‘Pjpopk'

To conclude the proof of the theorem,

1 _ ZT(@ @k)

|PT—Z iPo P} T;l—ez(@ek)apopk
— ¢T(©;—6%)
< 73| T e | IR
1
STZ’(%)’HPJ'POPICH
Zk

Since the sum on the right hand side of the inequality does not depend on T', we deduce
that

lim pr = ZngoP

T—o0

]

Theorem 4.4. [12] Let U be the unitary transition matriz of the discrete quantum walk

on G with spectral decomposition (4.2). Then

dim Pre(Slio) = |S] 3 _(PipoPylps)-
i

Proof. The proof follows from theorem 4.2 and equation (4.1),

T-1

e 1
Jim Pro(S|do) = lim = t; 1S1(ptlps)
— ]S|<Thm Z Pt p5>

—00 1

= IS X AP s

= |S|Z (PjpoPj|ps).-
r

T-1
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4.3 Mixing time

The mixing time in the quantum case measures how fast the average probabilities con-

verge to their limiting distribution.

Definition 4.5 (Mixing time). For e > 0, the mizing time M. (v, S) of a quantum walk
starting in state |g) is the smallest integer L such that for all T > L,

Prr(S|vo) = 1S1D_(PipoPylps)| < €

Remark 4.6. In the classical case, it was possible to define the mixing time of a Markov
chain independently of the initial distribution since the stationary distribution does not
depend on the initial distribution. This is not the case for quantum walks, as the limiting
distribution depends on pg, therefore the mixing time has to depend on the initial state
of the walk.

Theorem 4.7. [12] Let U be the unitary transition matriz of the discrete quantum walk
on G with spectral decomposition (4.2). Then

M. (b, S) < 2|S| Z K JPOPk|pS>|‘ (4.4)

o |ez® 619k|

Proof. Using equations (4.1) and (4.3), we have

L 1 T—1
PI"T(SWO) = T Z ’S‘<Pt’l)s>
=0

t
= [S[{p7ps)
— T (©;—6y)
= |S] <Z PipoPj + Z (eek)> Pjpo Py PS>
J#k
. zT(@ O)
\5|Z PipoPj|po) + Z <<—>ek)> (PipoPilps)-
J#k
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This implies

_ ’S' 1 _ eiT(@j—@k)
Prr(S4o) — 15] Z PipoPilps)| = = ; T ae-ey | Lirolklps)
= % m |<Pj,00Pk’Ps>‘
J
by the triangle inequality. Since
1 _ eiT(Qj—Qk) el@k(l _ eiT(Qj—Gk)) |€Z®k||1 _ e’iT(@j—ek)‘ 2
1 _ ¢i®,—0n) | — 0% _ 09, 619 — 95| = 1e1®5 — eiOn]’
we obtain 2|S| (P poPelps)|
iPoL k| Ps
Prp(S S P; J . 4.5
rr(S[o) — 5| Z iPoLj|ps) ; €05 — ei®x | (4.5)
Now, set

2|S| Z | JPOPk:|PS>|
€ por |€19 ez®k|

Then for all T > K,

Pry(Slpo) — 1S D _(PjpoPilps)| < e
J

and M. (¢, S) < K. H

We can obtain a series of weaker bounds, which require less knowledge of the quan-

tum walk transition matrix U.

Corollary 4.8. [12] Let ¢ be the number of pairs of distinct eigenvalues and A =
min{|e®i — e®©k| . j £ k}. Then

aa Pk)aa
Mc (o, S Z > e (4.6)
j;ék a€s |eZ — € k|
2/ 9] |
< . , 4.7
- ¢ ;ﬂ |€z®j _ ez®k| ( )
2|9
= (4.8)
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Proof. By inequality (4.5),

2|S| 1
< Z €5 — cien| [(P;poPr|ps)|

A

Pry(S]iho) — || Z<Pjpopj|i05>

2|5| 1
- Z |ei9j — €i®k| |<p0|F)]pSPk>|
J#k

since P; and P, are Hermitian. Moreover, the Cauchy-Schwarz inequality implies that

[{pol PipsPr)| < [lpolll|PipsPell < || PjpsPrll,

as ||po|| <1 by proposition 1.18(iii). Thus,

2|S| || P;ps Pl
s Wkl (19
T 7 1€ — el

Prr(S|tho) — |9 Z PipoPilps)

Taking K| = 2|S| > % yields

Prr(S]po) — [S] Y _(PipoFylps)| < €
J

for all T'> K; and M.(po, S) < K.

To find the bound (4.7), recall that pg = ﬁ > aes |a)(a] and that P; is idempotent.

Hence,

1PipsPill < o7 2 [1PjpaLill

a€sS

|S| Z\/Tl” Pkpa paPk)

a€esS

‘S‘ Z\/Tr (a| P2|a)(a| P|a))

a€sS

‘S| S Tr((al Pila)(al Pila))

a€sS

|S|Z\/ zzaPkaaa

a€esS

ISI
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where we have used the cyclic property A.12 of the trace. We deduce that

aa(Pk>aa
PEr(Sln) = 18| (P les)| < 2 23 ¥ _‘ (4.10)
'r;ésaES

and obtain (4.7) by taking Ky = gz#s S ues %

For the last bound, (4.8), we have that }°; P; = Id, therefore 0 < (P;)a, < 1 for all
7 and

>V (P)aa(Pr)aa < |S)-

a€esS

If A = min{|e®® — €| : j #£ k}, then

_ 2|8 1
Pr(Sl) 1513 (PPlos)| < 250 7
v ik
20|S]
— TA )
with ¢ the number of pairs of distinct eigenvalues. Taking K5 = 2€|S| gives us bound
(4.8). ]

Example 4.9. Aharanov et al. [2] showed that the limiting distribution of the shunt-
decomposition walk with Fourier coin on an N-cycle with odd N is uniform, indepen-

dently of the initial state |1)g). Through bounds similar to those above, they also proved

Llog N
M€§(’)< 2 )
g

compared to the order of N? for the classical simple random walk.
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Chapter 5

Comparison between classical random
walks with memory and quantum
random walks on graphs with symmetry

The aim of this chapter is to define a lifted random walk on the Cayley graph of any
finite abelian group with symmetric generating set and to compare the mixing time of
this lifted walk to the mixing time of both the shunt-decomposition and the arc-reversal

model, using the Grover coin or the Fourier coin.

5.1 Cayley graphs

Cayley graphs provide a suitable framework to compare lifted random walks and quan-
tum walks, especially the shunt-decomposition walk, since the generators used to con-
struct the Cayley graph of a given group provide a natural way of defining a lifted
random walk, as we will see in section 5.2, as well as the different permutations on the

vertices necessary for the shunt-decomposition model.

Definition 5.1 (Cayley graph). [6] Let G be a finite group and S C G a subset of G that
does not contain the identity element. The Cayley graph I'(G,S) is the directed graph
with vertex set the elements g € G and edges (g,sg) if s € S.

For I'(G,S) to be connected, S has to be a generating set of G. Moreover, if

the set S is symmetric, i.e. s € S implies s7' € S, then every edge in I' is bidirec-

tional.
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In this chapter, we will work with abelian groups, such that both (g, sg) and (g, gs)
form the same edge, and symmetric generating sets S. The Cayley graphs we build are
therefore undirected d-regular graphs of degree d = |S|. We will consider the binary

operation on GG to be additive.

The following structure theorem allows us to write any finite abelian group as
Cartesian product of cyclic groups, which will be very useful for the implementation

of the classical and quantum random walks.

Theorem 5.2 (Fundamental structure theorem for finite abelian groups). [14, Theorem
13.4] Let G be a finite abelian group. Then

G%Zp;nl pr;n2 X wo o X Lamn,

where p1,pa, ..., pn (not necessarily distinct) are prime numbers and my,mo, ..., m, €

Z.

Example 5.3 (Abelian group with 15 elements). Due to the fundamental structure theo-
rem for finite abelian groups, the abelian group with 15 elements is isomorphic to Zs X Zs.
The Cayley graph of Zs x Z3 with symmetric generating set S = {(1,0), (4,0), (0,1),(0,2)}
is represented in figure 5.1. Note that we have taken a generator of Zs and its inverse
in the first entry and did the same for Zs in the second entry, such that I'(Zs x Zs, S)
can also be seen as the Cartesian product of the two Cayley graphs I'(Zs,{1,4}) and

['(Zs,{1,2}).

To construct the adjacency matrix of I'(Zs x Zs,S), we can first construct the
adjacency matrices of I'1(Zs,{1,4}) and I'y(Zs,{1,2}), which are the 5-cycle and the
3-cycle,

01001
10100 011

AT) =010 1 0|, AT)=|1 0 1
00101 110
10010

The adjacency matrix of I' is then given by

AT) = A(T'y) ® Ids + 1ds @ A(T).
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Figure 5.1: Cayley graph I'(Zs x Z3, S)

Remark 5.4. In the above example, and in general, we are not restricted to choose the
generators in each factor of the Cartesian product separately. The set S = {(1,1),(4,2)}
with "mixed" generators (1,1) and (4,2) is also a valid symmetric generating set for a

Cayley graph of Zs x Zs.

5.2 Generalised Diaconis lift on Cayley graphs

In this section, we want do define a lifted random walk on the Cayley graph of a finite
abelian group with given generating set S. To do so, let us reconsider the Diaconis lift
on the cycle, as defined in example 2.15. As a reminder, to construct the Diaconis lift
on the N-cycle, for each vertex v in the original graph, we have created two vertices
vt and v~ in the lifted graph, to add information as to which vertex the walker came
from, since there are only two possible directions on a cycle. We can see this as a graph
with two layers which are N-cycles : the first layer where the walker can only move in
clockwise direction and the second layer, where the walker only moves counter-clockwise.
At each step, there is a probability of 1 — % that the walker continues to move in the
same direction as previously and a small probability of % that the walker switches from

one layer to the other.
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The N-cycle can also be seen as the Cayley graph of the abelian group Zy with
generating set S = {—1,+1}. The element s = +1 induces a permutation on the vertices
which is equivalent to the layer with the clockwise direction and similarly s = —1 induces
the permutation used in the second layer going counter-clockwise. We want to generalise

this procedure to more general Cayley graphs.

Let I'(G, S) be the Cayley graph of a finite abelian group G with symmetric gener-
ating set S. The graph I has n = |G| vertices and every vertex has degree d = |S|. We
want to construct the lifted graph . Each s € S defines a direction for the walker and
induces a permutation P, on the vertices of I', which defines one layer of the lifted graph.
As in the Diaconis lift, the walker continues along the same direction with probability
1-— % Now, instead of having two layers in the lifted graph and only other choice when
switching to a different layer, as the Diaconis lift, ' will have d = |S| different layers
and d — 1 choices when switching to another layer. The walker chooses one of the other
layers uniformly at random, which implies that the walker goes from its current layer to

any other layer with probability ﬁ.

If sq,...,sq are the generators in S, then the transition matrix A for the generalised

Diaconis lift on I'(G, ) is given by
d
A = Z QZJEZQI{ ® Psi,
ij=1

where ¢; is the d-dimensional unit vector with 1 on its i entry and

1-1 ifi=j
Qi=y "
W lf?,#j.

To clarify this construction, let us build the transition matrix A for the generalised

Diaconis lift on a small example.

Example 5.5. Consider the Cayley graph I'(Zs,S), with S = {1,4,2,3} as in figure
5.2.

Since n = 5 and d = 4, the lifted graph ' will have 20 vertices. Every vertex v

from the original graph is splitted into the four vertices v, v® v 3 one for every
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Figure 5.2: Cayley graph I'(Zs, {1,4,2,3})

possible direction. Now, we need to find the permutations P, for each s € S,

01000 00001
00100 10000
P=10 001 0}, P,=10 10 0 0],
00001 00100
1 0000 00010
001O0O0 00010
00010 00001
P,=10 00 0 1], Pa=(1 00 0 0
10000 01000
01 00O 00100

These four permutation matrices induce the four layers, each with one direction, of
the lifted graph represented in the figure 5.3 beneath.

To see how the different layers are connected, suppose the walker is at vertex 3 in
the lifted graph. Then it will continue in the direction given by P,, moving to 2, with
probability % or switch to a different layer, moving to 2V, 2 or 2 with probability
. The transition matrix A of the lifted walk on [ is the (nd) x (nd) block matrix
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Figure 5.3

Remark 5.6. Note that the four permutation matrices P, Py, P5, P; add up to the
adjacency matrix of I'. So they also form a valid shunt-decomposition for the shunt-

decomposition quantum walk.

5.3 Comparison

This last section is dedicated to an empiric comparison between the simple classical
random walk as defined in section 2.1 (SW), the generalised Diaconis lifted random
walk (LW), the shunt-decomposition quantum walk with Fourier coin or Grover coin
(SDp and SDg respectively) and the arc-reversal quantum walk with Fourier or Grover
coin (ARp and AR respectively). As a reminder, the mixing time for the simple random
walk is given by 2.10, for the generalised Diaconis lift we consider the marginal mixing
time 2.16 and the quantum mixing time is defined as 4.5 and our objective is to minimise

the mixing time.
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n G d SW | LW | SDr SD¢ | ARr ARg
31 Zi31 2 183 | 43 24 6 24
32 - - - - - - - -
33 Zh1 X Zs 2+2 12 7 14 10 8
34 - - - - - - - -
35 L X s 242 9 10 11
36 Lo X 7y 242 31 11 13 6

Ly X Lz X L | 24242 || 4 8 7 4 8
37 L3z 2 260 | 51 29 6 28
38 - - - - - - - -
39 Zas X s 242 16 8 17 8 10
40 ZLg X s 242 11 11 13 6 6
41 Ly 2 319 | 57 32 6 31
42 - - - - - - - -
43 Lys 2 351 | 60 34 6 33
44 Zhy X 2y 242 46 13 16 8 6
45 Lo X Zs 242 11 10 14 7 6

L X Lz X L3 | 2+2+2 5 9 8 ) 9
46 - - - - - - - -
47 ZLyz 2 419 | 66 37 6 36
A8 | Zne X Zs 242 | 25 | 10| 22 10 | 12
49 Ly 2 456 | 68 39 6 37

Ly X L7 242 13 | 17 17 6

20 - - - - - - - -
51 D7 X L 242 28 11 24 11 14

Table 5.1: Mixing times (¢ = i) on Cayley graphs of finite abelian groups with n = 31

to n = 51 elements and generating set {+1, —1} on each factor.

To get a first idea of the behaviour of the different walks, we can compute the mixing
time for graphs of n = 31 to n = 51 vertices. To do so, we apply the structure theorem
to obtain all groups with n = 31 to n = 51 elements and consider all the factorisations
that do not include a factor Z,, such that in each factor, the two elements +1 and —1
are distinct. Then we construct a Cayley graph of each group as Cartesian product of
the Cayley graphs of the factors with generating set S = {41, —1}, as in example 5.3.
We perform each walk taking as initial state the unit vector e; with 1 on its first entry
of the appropriate dimension and compute the mixing time to its limiting distribution

1

for ¢ = ;. The results are represented in table 5.1. The lowest mixing time for each

Cayley graph is marked orange.
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First of all, we observe that there is not one model that performs better than all
the others in all cases. But the way we interpret and analyse this table depends on our
final objective. If all we need is a random walk that converges as fast as possible to
any distribution, then the quantum walks SDg, ARr and ARg show the lowest mixing
times. The shunt-decomposition walk with Grover coin for example has mixing time 2
on all cycles. The relevance of this result however is debatable. Since the degree of every

vertex in a cycle is d = 2, the Grover coin in this case is

(1)

and will not result in a superposition of states. Moreover, as the initial distribution of the
walk in our case is concentrated on a single state, the walker only moves between one ver-

tex and one of its neighbours, without exploring the rest of the graph.

From a practical point of view also, the three models SDg, ARr and AR are more
difficult to analyse. Contrary to SW, LW and SDp, which converge to the uniform
distribution independently of the initial state, SDg, ARr and AR converge to different
limiting distributions for every initial state and the limiting distribution needs to be
computed using the expression in theorem 4.4 based on the eigenprojections. This means

that the computation time increases rapidly for larger graphs.

As mentioned above, both the simple random walk and the generalised Diaconis
lift converge to the uniform stationary distribution. Of the quantum walks, only the
shunt-decomposition walk with Fourier coin has uniform limiting distribution for every
Cayley graph we considered and independently of the initial state. The arc-reversal
walk converges to the uniform distribution only for the cycles. So it seems appropriate
to make a more detailed comparison between the simple classical walk, the generalised
Diaconis lift and the shunt-decomposition quantum walk with Fourier coin. Let us mark
the best mixing time to the uniform distribution in blue in table 5.1. A first glance
tells us that the simple classical walk is outperformed by the lifted walk in many cases.
More precisely, it is outperformed by either the lifted walk or the shunt-decomposition
walk on 13 graphs and outperformed by both on 10 graphs. It is still not possible to
determine one random walk model that produces better mixing times to the uniform
distribution than all others. The shunt-decomposition walk for example seems to do
very well on cycles and even more so as the size of the cycle increases. However, on the
groups Zg X L, Ly X iz X g, Lug X iz X Lz, g X Ly X Lz and Zy; X Zr, the simple random

walk yields the lowest mixing time. This might be because all of these groups are the
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d SW LW SDp d SW LW  SDp
242 | 122 71 4+2 o6 o1
2+4 | 120 59 4+4 42 27
2+6 | 160 79 4+6 37 22
24+8 | 200 86 448 34 25
2+10 | 240 106 || 4410 31 33
2412 | 279 114 || 4+12 30 40
6+2 78 70 8+2 100 70
6+4 50 25 8+4 61 31
6+6 12 17 8+6 48 16
6+8 38 15 8+8 42 11
6+10 36 16 8+10 39 11
6+12 33 17 8+12 37 11
1042 122 102 12+2 144 107
10+-4 72 34 12+4 33 39
10+6 o6 18 1246 63 20
1048 48 11 1248 93 11
10410 43 10 12410 47 10
10+12 40 10 12412 43 9

Table 5.2: Mixing times on the Cayley graphs of group Zsg X Z,; depending on the
number of generators in Zsg and Z7.

Cartesian product of cyclic groups of small order which are very well connected even if

the degree is only 4 (resp. 6 if there are 3 factors).

So far, we have only tested the different walks on Cayley graphs with a relatively
small number of vertices and the two generators +1 and -1 for each factor given by
the fundamental structure theorem for finite abelian groups. During the simulations, it
became clear that the actual generators chosen for each factor do not affect the mixing
time. This means that the mixing time for SW, LW and SDpg on the Cayley graphs
['(Z11,{1,-1,2,—-2}) and T'(Z1;, {3, —3,4,—4}) for example is respectively the same.
The number of generators chosen for each factor greatly affects the mixing time as well
as which model performs best. The tables 5.2 and 5.3 contain the mixing times of
those three models according to the number of generators, on graphs with n = 493 and
n = 765 vertices . For Zq7; X Zg X Z5 for example, the entry d = 2 + 6 + 4 means that
we take 2 generators of Zi7, 6 generators of Zg and 4 generators in Zs such that the
total degree of the Cayley graph is 12. The lowest mixing time in each case is marked

orange.
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d SW LW  SDp d SW LW  SDp d SW LW SDp
24242 | 42 39 || 24442 | 55 47 | 24+6+2 | 69 51
24244 | 55 54 || 2+4+4 | 69 52 || 2+6+4 | 83 60
44242 27 38 || 4+442 26 21 || 44-6+2 30 27
44244 27 42 || 4+4+4 21 20 || 44+6+4 21 18
64242 34 36 || 6+4+2 32 27 || 6+6+2 35 25
6+2+4 33 95 || 6+4+4 25 18 || 6+6+4 24 14

Table 5.3: Mixing times on the Cayley graphs of the group Z,; X Zg X Z5 depending on
the number of generators in Zi7, Zg and Zs.

We can observe in both tables that when the first factor only has 2 generators,
then both the LW and the SDp perform better then the SW, with the LW showing
the lowest mixing times. As the number of generators in the first factor increases, the
mixing time of the simple random walk decreases drastically and the simple random
walk outruns the other two models, with the lifted random walk performing even worse

than the shunt-decomposition model in most cases.

When considering a first factor of larger order however and a second factor of small
order, we obtain the results in table 5.4. We can see that either the generalised Diaconis
lift or the shunt-decomposition walk generate lower mixing times as we slightly increase
the number of generators in the factor of higher order. But for a larger number of
generators, we fall back into the same pattern as previously, with the simple random
walk outrunning both other models.

G d SW LW SDp G d SW LW  SDp
Zss X L | 242 | 267 Loy X Lz | 242 | 893 258
4+2 | 80 29 4+2 | 268 110
8+2 | 23 32 8+2 | 75 62
16+2 22 18 16+2 22 32
32+2 42 43 32+2 42 39

Table 5.4: Mixing times on the Cayley graphs of the groups Zs3 x Zs and Zg; X Zs
depending on the number of generators.

The only case where the mixing times seem to always follow the same pattern
are the Cayley graphs of abelian groups with n = p? elements, where p is prime, and
|S| = 6. There are three possible finite abelian groups with p?® elements, Z,3, Z,2 X Z,
and Z, X Zy, x Z,. On the Cayley graph of Z,s, the shunt-decomposition model performs
best, for the Cayley graph of Z,» x Z,, the lowest mixing time is obtained using the
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generalised Diaconis lift and finally, for the graph associated to Z, x Z,, x Z,, the simple
random walk yields the best result. This can be seen on the two example in table 5.5

and has been tested for other prime numbers as well.

n =5 d SW LW SDg
Z195 6 106 182
ZLigs X s 2+4 89 46
Zis X Ls X Lig | 24242 18 16
n="7> d SW LW SDp
L343 6 1196 475
Ligg X Loy 2+4 342 93
Lig X Lig X Ly | 24242 28 26

Table 5.5: Mixing times on the Cayley graphs of abelian groups with n = p? elements
and degree 6.

All of these results show that it is not possible to conclude which walk performs
best in general. Which random walk model achieves the lowest mixing time to the
uniform distribution depends both on the order of each of the factors given by the
structure theorem as well as the number of generators chosen in each factor. We can
say however, that the simple random walk should not be entirely disregarded. Trying to
determine when the simple random walk performs better than the generalised Diaconis
lift and the shunt-decomposition model with Fourier coin could be the subject of future

work.
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Conclusion

Throughout this work, we have explored different types of random walks with the objec-

tive to determine which random walk models allow for fast mixing.

In chapter 1, we started by giving the necessary mathematical background on the
quantum computing model. This was important to understand the differences be-
tween the classical and the quantum random models, as a quantum system can be
in a superposition of states and quantum states evolve through unitary transforma-

tions.

The classical random walk models have been presented in chapter 2. In section
2.1, we formalised random walks as finite Markov chains and defined the simple random
walk. We then defined the stationary distribution, demonstrated the convergence theo-
rem for irreducible, aperiodic Markov chains and finished the section by mathematically
defining the mixing and giving some bounds based on the spectral gap and the conduc-
tance. Section 2.2 introduced lifted random walks as well as the Diaconis lift on the
cycle. These were followed by the definition of marginal mixing time and a discussion
of the bounds on the mixing time depending on the constraints imposed on the lifted

walk.

Chapter 3 concentrated on discrete-time quantum walk models. We started by
adapting the classical simple random walk on the line to the quantum case. Then we
generalised the idea of a coined walk to general regular graphs in the shunt-decomposition
model. Finally, we defined the arc-reversal quantum walk on general undirected graphs.
Both models have been illustrated by examples. In chapter 4, we defined the average
state and average probabilities of a quantum walk, which allowed us to obtain a limit-
ing distribution for quantum walks. To end this chapter, we defined the mixing time
for quantum walks and demonstrated bounds for this mixing time depending on the

eigenvalues of the unitary transition matrix.
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In chapter 5, we were finally able to compare the mixing times of the different
random walk models with the objective to establish which model produces the lowest
mixing time. Our contributions were the generalisation of the of the Diaconis lift to
Cayley graphs of finite abelian groups and the analysis of the mixing times given by
our simulations of the simple random walk, the generalised Diaconis lift, the shunt-
decomposition walk and the arc-reversal model (using the Fourier and the Grover coin)
on Cayley graphs of finite abelian groups with symmetric generating set. First, we
observed that not all models converge to the uniform distribution. For the three models
converging to the uniform distribution (simple random walk, generalised Diaconis lift
and shunt-decomposition walk with Fourier coin), we could not conclude that one model
always produces the lowest mixing time. Which model performs best seems to depend
on the order of every factor given by the fundamental structure theorem of finite abelian

groups and the number of generators chosen in each factor.

This raises some interesting questions for future research. It could be useful to
investigate in which situations the simple random walk outperforms the generalised
Diaconis lift and the shunt-decomposition walk with Fourier coin. In our simulations,
we only considered generating sets, where we have taken generators in each cyclic factor
seperately, but how do the different random walk models perform on Cayley graph
with "mixed" generators as mentioned in remark 5.47 And how does the generalised
Diaconis lift behave in comparison to the other models if we change the probability

1

1 — % of moving in the same direction and the probability @n of switching to a

different direction?
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Appendix A

Hilbert spaces and operators

Definition A.1 (Hilbert space). [19] A Hilbert space H is a complex vector space with

an inner product

(1) HXH—=C: (9, 9) = ()

that induces a norm

-1 H = R:o = [[ol] = /{0]0)

such that H is complete for this norm.
Most Hilbert spaces we consider are of finite dimension.

Notation A.2. [19] We denote |¢) € H a vector of the Hilbert space H in Dirac’s

ket-notation. Moreover, the dual space of H is given by
H*={f:H — C|f linear and continuous},

which is in bijection with H. Elements in H* are denoted (1|, called the bra-notation.
To every |¢) € H corresponds a vector (¢| € H*. With this notation, a function (¢|
in H* applied to a vector |¢) in H can be written as (|¢) € C, yielding the bra-ket

notation for the inner product.

Given an orthonormal basis {|e;) } of H, every |¢) € H can be written as

|9) = Z les) (eilo) = Z¢i’€z’>~
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Likewise, {(e;|} is the dual orthonormal basis of H* and every (¢| € H* can be described

as

(@l =D _(le)(eil =D (eild){esl = D_ difeil-

% A

» an orthonor-

Remark A.3. Let H be a Hilbert space with dim(#) = n and {|e;) }i—1
mal basis of H. We can identify H with C" by defining an isomorphism 7 : H — C"

.....

mapping the orthonormal basis of H to the standard basis of C" :

1 0
O .
ey = ool =1
0 1

The same can be done for the dual basis {(e;|}, where we define ¢« : H* — (C™)* as

Welh=(1 0 -+ 0), - llea)=(0 -+ 0 1).

By convention, we do not explicitly write 7 and ¢, but simply write an equality between
the element of the orthonormal basis of H (resp. H*) and the corresponding element in
the standard basis of C" (resp. (C™)*).

Definition A.4 (Tensor product of Hilbert spaces). [19] Let |¢) € HA and |¢) € HP
be two vectors in Hilbert spaces. We define the tensor product of two vectors of H* and

HE as the map

0@ ¥) = g) @ ) : HA x HT = C: (1, v) = {pld)ya(v])pe

which is anti-linear in each entry and continuous. The tensor product of the Hilbert

spaces is defined as

HA @ HE = {A: HA x HP — C | anti-linear and continuous}.

For |¢1), |¢2) € HA and |11), [1n) € HE, we define

(01 ® V1|2 @ ha) = (P1]|Pa)pa (r]th2) yn.
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Proposition A.5. [19] Let {|e,)} € H? and {|fs)} C HP be two orthonormal bases
with a € I and b € J. The set {|eqa ® f,)} is an orthonormal basis of H* @ HB and

dim(H” @ HP) = dim(H"*) dim(H?).

Proof. First, we show that {|e, ® fy)} C H* @ HP is orthonormal. For any a;,as € I
and bl, b2 S J,

<ea1 ® fbl’e(m ® fb2> = <€a1’ea2><f51’fb2> = 5a1a25b1527

where
1, ifi=7.
57Lj — J
0, otherwise.

The set {|e, @ f,)} is generating for H* @ HP. Let A € H* @ H”, then using the
anti-linearity of A,

AGuv) = A (Z e e 3 |fb><fb|u>)

= (ealm) {fol)A(lea), 1 f5))

a,b

=Y Allea). |f)){ulea) (V1 fi)-

a,b

By definition A.4, (ulea)(v|fo) = lea ® fo)(p,v). Furthermore, if we define Ay =
A(leq), | fs)), we obtain

A(/JJ, V) == ZAablea & fb><:u7 V)‘
a,b

Thus, every A € HA ® HP can be expressed as a linear combination of {|e, @ f)},

’A> = ZAab‘ea & fb>
a,b

Now, suppose

0=> Awlea @ fp).

a,b
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In particular, for any (eq, fiy) € HA x HE with o’ € I and ¥ € J,

0=>"Awlea® fi)(ew, fy)
a,b

= Z Aab<€a’ |ea> <fb’ |fb>
a,b

— Aa/b/ .

We deduce that {|e, ® f;)} is also linearly independent. O

Proposition A.6. [19] Let H* and H®? be two Hilbert spaces. Then the tensor product
HA ® HPB is again a Hilbert space.

Proof. H* ® HP is a complex vector space :

e linearity : For all A,® € H* ® HP and a,b € C, the map
al + 00 : HA x HP — C: (u,v) = al(p, v) + b®(u, v)

is continuous since A and ® are continuous. It is also anti-linear in both entries.

So al +b® € HA @ HE.

o additive neutral element :

0:HAXxHE = C:(u,v) =0

¢ additive inverse :

—A: HA X HB —C: (:uv V) = —A(ILL,V) = Z_Aab|ea®fb>(:u7y)'

a,b

Indeed,
A—A = Z(Aab _Aab)|€a®fb> = O = —A—I—A

a,b

Furthermore, we need to define an inner product on H* ® HZ. The corresponding
'bra'-notation of |[A) € HA @ HP is given by

<A| = Z/sz@a 0y fb|
a,b
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We can define the inner product

A’(I) Z Z Aalb1 a2b2<ea1 ® fbl‘etm ® fb2>

a1,b1 az,ba

= Z Aiab®alr

a,b

This inner product induces the norm

IAI* = (AJA) = ZA
O

Proposition A.5 and proposition A.6 can be generalised to the tensor product be-

tween a finite number of Hilbert spaces.

Notation A.7. We write H" = H Q@ --- Q H
~—_— ———

Definition A.8 (Adjoint operator). [19] Let A : H — H be an operator on the Hilbert
space Hil. Then A* : H — H such that

(A"|) = (¥[Ad)

is the adjoint operator. If A = A*, we call A self-adjoint

In the case of finite-dimensional Hilbert spaces, A* is the conjugate transpose matrix
of A and if A = A*, then A is called a Hermitian matrix.

Proposition A.9 (Spectral decomposition). [19] For any normal operator (A*A =

AA*), there exists an orthonormal basis of eigenvectors {|e; )} such that

el

where for alli € I, Py = Y% |es, k) (es x| with d; the multiplicity of eigenvalue \; is the

projection onto the eigenspace of A associated with A;.
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If A is Hermitian, all its eigenvalues are real. Indeed, if A is an eigenvalue with
associated eigenvector |¢), then A|¢) = A|¢) and

Molg) = (d|Ap) = (9| Ag) = (A*¢|¢) = (Ag|p) = (A|p) = N(¢]o).
So A = A and ) has to be real.

If U is unitary, then

oIl = [Tl = [Ixoll = [Alll#l],

from which we deduce that |A\| = 1. So the eigenvalues of a unitary matrix all have

modulus 1.

Definition A.10 (Positive semidefinite operator). [19] A self-adjoint operator A : H —
H is positive semidefinite if for any |¢) € H,

(9|Ag) > 0.

Definition A.11 (Trace). [19] Let A:H — H be an operator and {|e;)} any orthonor-

mal basis of H. The trace of an operator A is defined as

)

Proposition A.12 (Cyclic property). For operators A, B, C,
Tr(ABC) = Tr(CAB) = Tr(BCA).

More generally, the trace is invariant under cyclic permutations of the matrix product.

The cyclic property follows from the following equation and associativity of the

matrix product,

i J
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Appendix B

Python code for simulations

This appendix contains the Python code used for the simulations of the simple random
walk, the generalised Diaconis walk, the shunt-decomposition walk and the arc-reversal
walk. There are probably many ways to ameliorate these implementations. We imported

the following packages.

import numpy as np

import math

import cmath

from scipy.linalg import schur,eigvals

The following function has been used in the implementation of the four random
walk models. It returns the list of permutation matrices given by the generators. In
the simple random walk and the arc-reversal walk implementation, the sum of these
permutation matrices allows us to obtain the adjacency matrix of the graph. This
function only works for groups with three cyclic factors (and where we choose generators
in each factor seperately), as more were not really necessary for our purposes. It can
be extended to more than three factors, but in this case a recursive algorithm would

probably be recommended.

# returns a list of permutation matrices, given a list M containing the orders in
# decreasing order of the factors and the list S M containing a list of generators
# for each factor

def Cayley permutations(M,S M):

P =]
for i in range(len(M)):
m = M[1i]

S =8 M[i]

for s in S:
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p = np.zeros ((m,m))
for v in range(0,m):
w= (vts) % m

plv,w]=1

if len(M) =1
P.append(p)

if len(M) = 2
if i =0
P.append(np.kron(p,np.identity (M[1])))
else
P.append (np.kron(np.identity (M[0]) ,p))

if len(M) — 3
if i =20
P.append(np. kron(np.kron(p,np.identity (M[1])) ,np.identity (M[2])))
if i =1 :
P.append(np. kron(np.kron(np.identity (M[0]) ,p),np.identity (M[2])))
if i = 2

P.append (np.kron(np.kron(np.identity (M[0O]) ,np.identity (M[1])) ,p))

return P

# returns the total wvariation distance between two probability distributions
def total variation_ distance(q,p):

tv =0

for i in range(len(q)):
tv=tv+abs(q[i]—p[i])

return 1/2 x tv

B.1 Simple random walk

# returns the distribution on the wvertices of the graph after t steps of the
# simple random walk, given transition matriz A, initial distribution q 0 and
# number of steps t

def simple walk(A,q 0,t):

q_t = np.matmul(q_0,np.linalg . matrix_power(A,t))
return g _t

# returns the mizing time of the simple random walk with transition matriz A
# and initial distribution q 0 to the stationary distribution limite, epsilon>0
def mixing time sw(A,q 0,limite ,epsilon):

Q = np.zeros ((10000,),dtype=np.ndarray)
Q[0] =q.0
for t in range(1,10000):

Q[t] = np.matmul(Q[t—1],A)
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if total variation_distance(Q[t],limite)<=epsilon:
return ¢
print ("t>10000")

# example

P = Cayley_permutations (M,S M)
A =1/d % sum(P)

q 0 = np.zeros ((np.prod(M),))
q 0[0] =1

epsilon = 1/4
uniform = 1/np.prod M)*np.ones ((np.prod (M) ,))

mix = mixing time_sw(A,q 0, uniform ,epsilon)
print (mix)
print (simple walk(A,q 0,mix))

B.2 Generalised Diaconis lift

# returns the transition matrix for the generalised Diaconis lift
def lifted transition_ matrix (M,S M):

# permutations
P = Cayley_permutations (M,S M)

for i in range(len(M))
m = M[i]
S =S MJ[i]

# transition matriz for lifted walk
for j in range(len(P)):
for k in range(len(P)):

if j=k:
if k==0:
A_row = (1—1/m)*P[j]
else:
A_row = np.concatenate ((A_row,(1—1/m)*P[j]),axis=1)
else:
if k==0:
A row = (1/((len(P)—1)+m))*P[]]
else:
A_row = np.concatenate ((A_row,(1/((len(P)—1)*m))*P[j]),axis=1)
if j==0:
A = A_row

91



else:
A = np.concatenate ((A,A_row),axis=0)

return (A)

# returns the marginal distribution on the wvertices of the underlying graph,
# given a probability distribution x on the wertices of the lifted graph
def collapse (M,d,x):

C=np.identity (np.prod (M))
for i in range(d—1):
C=np.concatenate ((C,np.identity (np.prod(M))) , axis=0)

return np.matmul (x,C)

# returns the marginal probability distribution after t steps of the lifted walk,
# given the transition matriz A and the initial distribution z_0 on the lifted graph

def lifted walk(A,x 0,t):

# probabilities on the wvertices of the lifted graph
x_t = np.matmul(x_0,np. linalg.matrix_power(A,t))

# probabilities on the wvertices of the original graph

q_t = collapse (M,d,x_t)

return q_t

# returns the marginal mizing time to the stationary distribution limite on the
# underlying graph, given initial distribution z 0, epsilon>0
def marginal mixing time(M,S M,x 0,limite ,epsilon):

A=lifted_transition__matrix (M, S_M)
X = np.zeros ((10000,),dtype=np.ndarray)
X[0] =x_0
for t in range(1,10000):
X[t] = np.matmul(X[t—1],A)
if total variation_ distance(collapse (M,d,X[t]),limite)<=epsilon:
return t
if t%100==0 : print(t)
print ("t>10000")

# example

M = [343]
S M= [[1,342,2,341,3,340]]
d=6

#initial distribution on the wvertices of the lifted graph
x_0 = np.zeros ((np.prod M)x*d,))
x_0[0] =1
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#transition matriz of lifted walk
A = lifted transition_matrix (M,S_M)

epsilon = 1/4
uniform = 1/np.prod (M)*np.ones ((np.prod(M),))

marginal_mix = marginal__mixing_ time (M,S_M,x_0, uniform , epsilon)
print (marginal mix)
print (lifted_walk (A,x_0,marginal mix))

B.3 Shunt-decomposition quantum walk

The following functions were used for both the shunt-decomposition walk and the arc-
reversal walk.

# returns the probabilities on the wvertices given the amplitudes on the states
def proba(q,n,d):

q_a = np.abs(q)
q_s = np.square(q_a)
P = np.zeros((n,))
for i in range(0,n):
for j in range(0,d):
Pli] = P[i]4+q_s[d*i+j]

return P

# returns the average probabilities on the wvertices after T steps
def average probability (U,q 0,T):

Q = np.zeros ((10000,),dtype=np.ndarray)
Q0] =q 0
average_P = 0
for t in range(1,T):

Q[t] = np.matmul(U,Q[t—1])

average_P = average P 4+ proba(Q[t],n,d)
average_ P = 1/Txaverage_P
return average P

# returns the eigenprojection of a vector v
def eigenprojection(v):
v_ct = np.transpose(v.conjugate())

F_v = np.outer(v_ct,v)
return np.transpose (F_v)

# returns the spectral decomposition of a transition matrizc U
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def spectral decomposition (U):

D,Q = schur (U, output="complex’)
Q_T = np.transpose (Q)

eigenvalues = np.zeros ((len(D),)).astype (complex)
F=1]

for i in range(len(D)):
eigenvalues[i] = D[i,1i]
F.append(eigenprojection (Q T[i]))

return eigenvalues, F

# returns the matriz inner product between two matrices A and B

def matrix_ inner product(A,B):

p = np.matmul(np.transpose (A.conjugate ()),B)
innerp = np.trace(p)
return innerp

# returns the limiting distribution of quantum walk with transition matriz U
# starting from initial state g 0
def limiting_ distribution (U,q_0):

n = len(q 0)
rho_0 = np.outer (np.conjugate(q_0),q_0)
eigenvalues , F = spectral decomposition (U)

limiting proba_arcs = np.zeros((n,)).astype(complex)
for i in range(n):
rho_ S = np.zeros((n,n))
rho S[i,i] =1
proba_arc = 0
for r in range(n):
proba_arc = proba_arc + matrix_inner_product (np.matmul(F[r],
np.matmul(rho_0,F[r])) ,rho_8S)

limiting_proba_arcs[i] = proba_arc
limiting proba_vertices = np.zeros ((np.prod(M) ,)).astype (complex)
for i in range(0,np.prod(M)):
for j in range(0,d):
limiting _proba_ vertices[i] = limiting_ proba_vertices [i]+
limiting__proba_arcs [dxi+j]
return limiting_ proba_ vertices

def round_complex(x, PlacesReal, PlacesImag):
return complex(round(x.real ,PlacesReal),round(x.imag, PlacesImag))

These are the functions implemented in addition to the ones above for the shunt-
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decomposition walk.

# returns the wunitary transition matriz U for the shunt—decomposition walk,
# given a Coin and a list of permutations on the wvertices P
def shunt_decomposition matrix (P, Coin):

n = len(P[0][0]) # number of wvertices
= len(P) # degree of each vertex

o
I

# shift operator
S=0
for i in range(0,len(P)):
E = np.zeros((len(P),len(P)))
Eli,i] =1
S =S + np.kron(np.transpose(P[i]) ,E)

# coin operator
C = np.kron(np.eye(n),Coin)

# total wunitary operator
U = np.matmul(S,C)

return U

# returns the probability distribution on the vertices after t steps of the
# shunt—decomposition walk with transition matriz U, initial state q 0
def shunt_decomposition_walk(U,q_0,t):

# state and probability on the wvertices after t steps
q_t = np.matmul(np. linalg .matrix_power (U, t),q_0)
P_t = proba(q_t,n,d)

return P_t
# returns the mizing time of the shunt—decomposition walk with Coin and shunts P

# starting in state g 0 and with limiting distribution limite, epsilon>0
def mixing time_ sd(P,Coin,q 0,limite ,epsilon):

U = shunt__decomposition__matrix (P, Coin)
Q = np.zeros ((10000,),dtype=np.ndarray)
Q0] = 0

average_ P = 0

for t in range(1,10000):

Q[t] = np.matmul(U,Q[t—1])
average_P = average_P + proba(Q[t],n,d)
if total variation distance(1l/txaverage P, limite)<=epsilon:
return t
print ("t>10000")

# example

M= [7,5]
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SM= [[1,6],[1,4]]
=4
= np.prod (M)

o

=]

# Grover coin
G = np.multiply (2/d,np.ones ((d,d))) — np.identity (d)

# DFT coin
F = np.zeros((d,d)).astype (complex)
for i in range(d):

for k in range(d):

F[i,k] = 1/math.sqrt(d)*round_complex(cmath.exp (complex(0,(2xixk+math.pi)/d)),15,15)

P = Cayley_permutations (M,S M)
Coin = G

# initial state
q 0 = np.zeros ((nxd,))
q 0[0] =1

epsilon = 1/4
limite = limiting_distribution (U,q_0)

mix = mixing_ time_sd(P,Coin,q 0,limite ,epsilon)
print (mix)

print (average_probability (U,q_0,mix))

B.4 Arc-reversal quantum walk

# returns the unitary transition matriz U for the arc—reversal walk,
# given a Coin and adjacency matriz A
def arc_reversal matrix (A, Coin):

n = len(A)
d = len(Coin)

# reversal operator
R = np.zeros ((n*xd,nxd))
edge dict = {}
k =0
for i in range(0,n):
for j in range(0,n):
if Ali,j] != o:
edge_dict [k] = [i,]]
k = k+1
for k in range(0,nxd):
i = edge_dict[k][0]
j edge_dict [k][1]
1 = list (edge_ dict.keys())[list (edge dict.values ()).index ([j,i])]
R[k,1] = 1

# coin operator

96



I = np.eye(n)
= np.kron (I, Coin)

Q
I

U = np.matmul(R,C)

return U

# returns the probability distribution on the wvertices after t steps of the
# arc—reversal walk with transition matrizc U and initial state q 0
def arc_reversal walk(U,q 0,t):

# state and probability on the wvertices after t steps
q_t = np.matmul(np. linalg.matrix_power(U,t),q_0)
P_t = proba(q_t,n,d)

return P_t

# returns the mixzing time of the arc—reversal walk with Coin and

# adjacency matrix A, initial state q 0 and with limiting distribution limite ,
# epsilon >0

def mixing_time_ar (A, Coin,q_0,limite ,epsilon):

U = arc_reversal matrix (A, Coin)

Q = np.zeros ((10000,),dtype=np.ndarray)
Q0] =q. 0

average P = 0

for t in range(1,10000):
Q[t] = np.matmul(U,Q[t—1])
average_ P = average_P + proba(Q[t],n,d)
if total variation distance(1l/t*average P ,limite)<=epsilon:
return t
print ("t>10000")

# example

M= [3,3,3]
SM= [[1,2],[1,2],[1,2]]
d=6

n = np.prod (M)

# Grover coin
G = np.multiply (2/d,np.ones((d,d))) — np.identity (d)

# DFT coin
F = np.zeros((d,d)).astype (complex)
for i in range(d):
for k in range(d):
F[i,k] = 1/math.sqrt(d)*round complex(cmath.exp (complex(0,(2xixkxmath.pi)/d)),15,15)

A = sum(Cayley__permutations(M,S _M))
Coin = G

97



#initial state
q 0 = np.zeros ((nxd,))
q 0[0] =1

epsilon 1/4

limite = limiting_ distribution (U,q_0)

mix =

mixing_ time_ ar(A,Coin,q 0,limite ,epsilon)
print (mix)

print (average_probability (U,q_0,mix))
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