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Abstract

The speedups of quantum algorithms over classical algorithms have been
a main reason for the current interest on quantum computing. The most
famous quantum algorithms are: Grover’s search algorithm and Shor’s fac-
toring algorithm. Grover’s algorithm solves an arbitrary search problem with
N possibilities in time @(v/N). It is obvious that classical algorithm needs
Q(N) time to solve the problem. So we are very interested in finding all such
problems where quantum algorithms can give a better speedup over classical
algorithms. The central question of the quantum computing is: how power-
ful the quantum algorithms are, how big speedup is possible? We give some
answers to this question in our thesis.

We are considering two main problems in this thesis. Firstly we show the
problem of finding cycle in the graph. We provide the quantum algorithm
solving this problem better than any classical analogue and prove that this
algorithm is optimal.

In the second part of our work we complete the research of probabilis-
tic reversible automata by investigating properties of probabilistic reversible
Decide and Halt automata (DH-PRA). We show general class of languages
not recognizable by DH-PRA, that is very similar to the class of languages
not recognizable by measure-many quantum automata (MM-QFA). We also
show that the class of languages recognized by DH-PRA is not closed under
union. That allows us to speculate that that class of languages recognizable
by DH-PRA is likely to include the one recognizable by MM-QFA or these
classes are equal. We are still working on this problem.



Anotacija

Kvantu algoritmu veiktspejas parakums par klasiskajiem algoritmiem ir gal-
venais iemesls pasreizéjai lielai ieinteresétibai par kvantu skaitlosanu. Vieni
no slavenakiem kvantu algoritmiem ir Grovera meklésanas algoritms un Sora
skaitlu faktorizacijas algoritms. Piemeram, Grovera algoritms atrisina el-
ementa meklesanas problemu N elementu saraksta ar laiku @(\/N ), kaut
klasiskam algoritmam ir nepieciesams Q(N) laiks, lai atrisinatu So problemu.
Tatad mes esam loti ieientereseti atrast sadas problemas, kuram kvantu al-
goritms var but paraks par klasisko analogu. Kvantu skaitloSsanas centralais
jautajums ir, cik specigi ir kvantu algoritmi? Cik liels veiktspejas uzlabo-
jums ir iespejams? Saja darba més sniedzam dazus jautdjumus uz Sim
jautajumiem.

Mes apliitkojam divas lielas problemas saja darba. Pirmkart, mes aplikojam
cikla eksistences grafa problemu. Mes piedavajam kvantu vaicajoso algo-
ritmu, kas atrisina So problemu efektivak par jebkuru klasisko analogu, un
pieradam, ka miisu piedavatais algoritms ir optimals.

Otrkart mes turpinam petijumus par varbutiskiem apgriezamiem automatiem,
izpetot apstadinamo varbutisko apgriezamo automatu (DH-PRA) ipasibas.
Mes paradam visparejo valodu klasi, ko nevar pazit ar DH-PRA, un kas ir loti
lidziga valodu klasei, ko nevar pazit ar daudz-merijumu kvantu automatiem
(MM-QFA). Mes ar1 paradam, ka valodu klase, kuru pazist DH-PRA nav
slegta pret apvienojuma operaciju. Tas lauj mums izteikt minejumu, ka val-
odu klase, ko pazist DH-PRA automati ieklauj valodu klasi, ko pazist MM-
QFA vai nu §1s klases ir ekvivalentas. Mes turpinam stradat pie $1 minejuma
pieradisanas.
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Chapter 1

Introduction

The speedups of quantum algorithms over classical algorithms have been
a main reason for the current interest on quantum computing. The most
famous quantum algorithms are: Grover’s search algorithm and Shor’s fac-
toring algorithm. Grover’s algorithm solves an arbitrary search problem with
N possibilities in time @(v/N). It is obvious that classical algorithm needs
Q(N) time to solve the problem. So we are very interested in finding all such
problems where quantum algorithms can give a better speedup over classical
algorithms. The central question of the quantum computing is: how power-
ful the quantum algorithms are, how big speedup is possible? We give some
answers to this question in our thesis.

We are considering two main problems in this thesis. Firstly we show the
problem of finding cycle in the graph. We provide the quantum algorithm
solving this problem better than any classical analogue and prove that this
algorithm is optimal.

In the second part of our work we complete the research started by M.
Golovkins and M. Kravtsev [GK 02] by investigating properties of proba-
bilistic reversible Decide and Halt automata. We have almost completed
the proof that probabilistic reversible automata is at least as powerful as
quantum automata, but the problem is still open.

In Chapter 1 of this thesis we give some background of quantum compu-
tation, including quantum Turing machine, quantum automata and quantum
query complexity.

In Chapter 2 of the thesis we state some common notations and definitions
used in the rest part of the thesis. In Section 2.1 we recall several notions
of linear algebra used in quantum computations. In Sections 2.2 and 2.3 we
discuss notions applicable to quantum automata and decision tree models.
We also recall several notions from the probability theory in Section 2.4

In Chapter 3 we consider all known quantum query complexity lower
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bound techniques, paying more attention on Adversary methods. We use
this technique to prove lower bounds of graph cycle problem in Section 3.4,
showing that our quantum algorithm, that solves the problem, is optimal.

In Chapter 4 we explore properties of the probabilistic reversible Decide
and Halt automata. We show a general class of regular languages, not rec-
ognizable by DH-PRA. This class is identical to a class not recognizable by
MM-QFA [AKV 01] (and similar to the class of languages, not recognizable
by C-PRA [GK 02]). We also prove that the class of languages recognizable
by DH-PRA is not closed under union. The one open problem still remains:
we show the class of languages for which we can not prove whether it is
recognizable by DH-PRA or not. So we still unable to prove or disprove
that class of languages recognizable by DH-PRA is likely to include the one
recognizable by MM-QFA or these classes are equal.

For those interested in quantum computation in general we refer to the
monographs of J. Gruska [Gr 99] and M.Nielsen and I.Chuang [NC 00] for
the complete overview on the subject.

1.1 Quantum Turing machine

As in the classical theory of computation there are a lot of models of quantum
computation. We can consider such models as: quantum Turing machine,
quantum circuits, quantum finite automata etc. We refer to the [BV 97]
for the description of quantum Turing Machine. Deutch [De 85] introduced
the notion of quantum Turing machine in 1985. He gave a precise model
of quantum computation and proved that quantum Turing machines com-
pute exactly the same recursive functions as classical deterministic Turing
machines do. A quantum Turing Machine as a quantum physical analogue
of a probabilistic Turing Machine it has an infinite tape and a transition
function, and the actions of the machine are local and completely specified
by this transition function. Unlike probabilistic Turing Machines, quantum
Turing Machines allow branching with complex “probability amplitudes”,
but impose the further requirement that the machine’s evolution be timere-
versible. Yao [Y 93] extended the Deutch’s results by proving that quantum
circuits are polynomially equivalent to quantum Turing machines. Bernstein
and Vazirani [BV 97] introduced an efficient universal quantum Turing ma-
chine and defined BQP - the class of decision problems (languages) that
can be solved in polynomial time by quantum Turing machines with error
probability bounded by 1/3. BQP is the quantum analogy of the BPP -
the class of decision problems (languages) that can be solved in polynomial
time by probabilistic Turing machines with error probability bounded by 1/3
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(for all inputs). As in the case with BPP, the error probability of BQP ma-
chines can be made exponentially small [BBBV 97]. In [BV 97] Bernstein
and Vazirani proved that BPP C BQP C PSPACE !. Simon [Si 94] gave
the evidence that BQP # BPP, proving the existence of an oracle, relative
to which BQP cannot even be simulated by probabilistic machines allowed
to run for 2"/2 steps. Finally Bennett, Bernstein, Brassard and Vazirani
in [BBBV 97] gave evidence that quantum Turing Machines can not solve
every problem in NP in polynomial time. They showed that relative to an
oracle chosen uniformly at random, with probability 1, the class NP cannot
be solved on a quantum Turing Machine in time o(2"/2).

1.2 Quantum automata

1.2.1 Quantum finite automata

Opposite to Turing machine Quantum finite automata represent the cases
when specific restrictions are inevitable regarding space consumption and
time usage. We can say that Quantum one way finite automaton is the most
restricted model of quantum computation, where computation is performed
with finite memory and the number of computation steps does not exceed the
length of input. The advantage of such model is that such device is relatively
simple to be built because the quantum device is controlled by the classical
part. It sequentially reads letters of the word from the input and applies
certain quantum operations dependant on the letter read on the quantum
system. In other words the computation of a word can be represented as
consecutive application of the unitary transformations according to the let-
ters of the word on the state of the underlying finite dimensional quantum
system.

Several models of quantum finite automata were presented in different
papers. Major differences between models are what are the allowed measure-
ments and definition of acceptance. We refer to the type of language recog-
nition with halting before reading the whole input as “decide and halt” and
to the respective automata as “decide and halt” automata (DH-automata).
We refer to the type of language recognition when no halting states exist and
decision on acceptance is taken by the state of automaton after reading the
whole word as “classical” acceptance. Such acceptance model is usually used
in deterministic or probabilistic automata. We briefly describe the models

Lthus they established that it will not be possible to conclusively prove that BPP #
BQP without resolving the major open problem P Z PSPACE.
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connected with topic of research in Probabilistic Reversible Automata in this
section.

Moore and Crutchfield in [MC 00] introduced "Measure Once” (MO-
QFA) - the most straightforward model of the Quantum finite automata.
It makes the only measurement when the whole word is processed obtaining
classical result - whether word is accepted or rejected. According to this
MO-QFA is pure state model with classical acceptance, as no measurement
are allowed at all. Brodsky and Pippenger in [BP 99] proved, that MO-QFA
recognize the same language class as permutation automata ([T 68]).

Kondacs and Watrous in [KW 97| proposed another definition of the
QFA. Their ”"Measure-many” quantum finite automata (MM-QFA) differs
from the MO-QFA in such way that it allows a special measurement to be
performed after each unitary transformation when reading each letter. The
measurement provides the probabilistic decision on every letter of the input
by projecting the state of the automaton to one of three subspaces: one that
corresponds to accepting states of automata, one to the rejecting states and
one to the non-halting states. The computation halts when accepting or re-
jecting state is reached and continues otherwise. Thus MM-QFA has more
power in comparison with MO-QFA, but still this model recognizes only the
subset of the regular languages ([KW 97]). Moreover the class of languages
recognized by MM-QFA is not defined completely. Brodsky and Pippenger
in [BP 99] introduced the first ”forbidden construction” ? for languages rec-
ognizable by MM-QFA. Later Ambainis, Kikusts and Valdats in [AKV 01]
have shown another ”"forbidden constructions” for MM-QFA, but still it is
open problem whether any language that does not have ”forbidden construc-
tion” is recognizable by MM-QFA. According to our classification MM-QFA
is pure state model with decide and halt acceptance.

Nayak in [N 99] generalized MM-QFA allowing any orthogonal measure-
ment to be performed after reading each letter. Processing of each input
letter in this model means applying of finite sequence of unitary transforma-
tions and orthogonal measurements, followed by the measurement on fixed
subspaces formed by accepting, rejecting and non-halting states as in the
MM-QFA case. The automata of that model can recognize only the subset
of regular languages anyway. According to our classification Nayak’s model
is mixed state model with decide and halt acceptance.

In the [ABGKMT 06] Nayak’s enhanced QFA model with classical accep-

2If minimal deterministic automaton for the language contains such construction then
the language can not be recognized by MM-QFA
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tance is considered. It is called "latvian QFA” in the paper. This model is
similar counterpart for Nayak’s model, as MO-QFA for MM-QFA. There are
no measurements according to the MM-QFA rules in this model, but any or-
thogonal measurement as a valid intermediate computational step is allowed
in this model. The class of languages recognizable by this model is found. It
is expressed in algebras terms but can be expressed in terms of ”forbidden
constructions” as well.

1.2.2 Probabilistic Reversible Automata

Ambainis and Freivalds in [AF 98] raised the question what kind of proba-
bilistic automata can be considered as a special case of QFA. To answer this
question and to study relationship between QFA and probabilistic finite au-
tomata (PFA) M.Kravcevs and M.Golovkins in [GK 02] have introduced the
model of probabilistic reversible automata (PRA). They noticed that if we
consider Nayak’s model of QFA with measurement allowed only to subspaces
restricted to be one dimensional, then such automaton will be probabilistic
automaton which transition matrix being double stochastic®. The property
of transition matrix to be doubly stochastic is used to define Probabilistic
Reversible automata. Note that we can not obtain this model as subclass
of quantum automata because not every double stochastic matrix has an
unitary prototype.

One way C-PRA

One way C-PRA automata were introduced by M. Golovkins and M. Kravcevs
in the [GK 02]. They showed general class of regular languages, not recog-
nizable by C-PRA. For example, such languages as (a,b)*a and a(a,b)™ are
in this class. This class has strong similarities with the class of languages,
not recognizable by DH-QFA [AKV 01]. M. Golovkins and M. Kravcevs
expressed this class as a set of forbidden constructions for minimal determin-
istic automata. There are 2 forbidden constructions first one is exactly the
one as for DH-QFA [BP 99], the second one includes the one considered in
[AKV 01]. In [GK 02] it was also proved that the class of languages recog-
nized by C-PRA is closed under boolean operations, inverse homomorphisms
and word quotient. But also it is not closed under homomorphisms.

Later, in [ABGKMT 06] M. Mercer, D. Thrien e.t.c. have found the class
of languages recognizable by C-PRA. This class coincides with the class of
the enhanced QFA with classical acceptance. This class expressed in terms

3double stochastic mean the sum of elements in every column and row of transition
matrix equals to 1
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of forbidden constructions for the minimal deterministic automata coincides
with the forbidden constructions found in [GK 02].

DH-PRA automata

Properties of DH-PRA model are studied in [GKK 05] and [GKK 07]. Obvi-
ously C-PRA recognize proper subset of languages recognizable by DH-PRA,
for example C-PRA can not recognize a(a,b)* that can be recognized by DH-
PRA.

We prove forbidden constructions for DH-PRA. These constructions are
very similar to the constructions for DH-QFA considered in [AKV 01]. In
fact it is possible to prove that for a language a minimal automaton contains
one of the forbidden constructions for DH-PRA iff it contains one of the
forbidden constructions for DH-QFA

Thus we are not able to show the exact class of languages recognizable by
DH-PRA. The unknown gap is left for languages which minimal automaton
contains forbidden construction for C-PRA but not for DH-PRA.

We show that the class of languages recognized by DH-PRA is not closed
under union. This proof uses the same languages and resembles the proof for
DH-QFA in [AKV 01].

That leads to a conjecture that class of languages recognizable by DH-
PRA is likely to include the one recognizable by DH-QFA or these classes
are equal. Still we are unable to prove that.

1.3 Background on quantum query complex-
ity
1.3.1 Background on black-box model

The black-box model of computation arises when one is given a black-box
containing an N-tuple of Boolean variables X = (zg,x1,...,xy_1). The box
is equipped to output x; on input i. We wish to determine some property
of X, accessing the x; only through the black-box. Such a black-box access
is called a query. A property of X is any Boolean function that depends on
X, i.e. a property is a function f : {0,1} — {0,1}. We want to compute
such properties using as few queries as possible. Consider, for example, the
case where the goal is to determine whether or not X contains at least one
1, so we want to compute the property OR(X) = zo V21 V ... Vay_1. It
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is well known that the number of queries required to compute OR by any
classical (deterministic or probabilistic) algorithm is ©(N). Grover [GR 96]
discovered a remarkable quantum algorithm that, making queries in super-
position, can be used to compute OR with small error probability using only
O(\/N ) queries. This number of queries was shown to be asymptotically
optimal [BBBV 97|,[BBHT 98|, [ZA 97]. Many other quantum algorithms
can be naturally expressed in the black-box model, such as an algorithm due
to Simon [Si 94], in which one is given a function f(X) : {0,1}* — {0,1}",
which technically can also be viewed as a black-box X = (zg, ..., zy_1) with
N = n?". The black-box X satisfies a particular promise, and the goal is
to determine whether or not X satisfies some other property (the details
of the promise and properties are explained in [Si 94]). Simon’s quantum
algorithm is proven to yield an exponential speed-up over classical algo-
rithms. It makes (log N)°1) queries, whereas every classical randomized
algorithm for the same function must make N2 queries. The promise
means that the function f : 0,1V — 0,1 is partial; it is not defined on all
X € 0,1, (In the previous example of OR, the function is total; how-
ever, the quantum speed-up is only quadratic.) Some other quantum algo-
rithms that are naturally expressed in the black-box model are described in
[DJ 92, BL 95, BBHT 98, BH 97, ME 98, BHT 98, M 98]. Of course, up-
per bounds in the black-box model immediately yield upper bounds for the
circuit description model, in which the function X is succinctly described as
a (log N)°W _sized circuit computing z; from i. On the other hand, lower
bounds in the black-box model do not imply lower bounds in the circuit
model, though they can provide useful guidance, indicating what certain al-
gorithmic approaches are capable of accomplishing. It is noteworthy that, at
present, there is no known algorithm for computing OR (i.e. satisfiability)
in the circuit model that is significantly more efficient than using the cir-
cuit solely to make queries (though, proving that no better algorithm exists
is likely to be difficult, as it would imply P#NP). It should also be noted
that the black-box complexity of a function only considers the number of
queries; it does not capture the complexity of the auxiliary computational
steps that have to be performed in addition to the queries. In cases such
as OR, PARITY, MAJORITY, this auxiliary work is not significantly larger
than the number of queries; however, in some cases it may be much larger.
For example, consider the case of factoring N-bit integers. The best known
algorithms for this involves ©(N) queries to determine the integer, followed
by 2V operations in the classical case, but only N?(log N)°") operations
in the quantum case [Sh 97]. Thus, the number of queries is apparently not
of primary importance in the case of factoring.

We use black-box model proving upper and lower bounds for graph cycle
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problem.

1.3.2 Background on lower bound methods

Usually we are interested in bound-error computation, where the output
is correct with probability at least % for all inputs. We use Qy(f) to de-
note minimal number of queries for computing f with bound-error. Two
main lower bound techniques for proving Qs(f) are the polynomial method
[BBCMW 01] and hybrid/adversary method (sometimes called Ambainis’s
method) [AM 02],[LM 04],[SS 04].

1.3.3 Lower bounds by polynomials

The polynomial method is used both for proving lower bounds in classical
and quantum complexity. Beals, Buhrman and others [BBCMW 01] proved
that number of queries Qg(f) needed to compute a Boolean function f by
an exact quantum algorithm is at least degT(f), where deg(f) is the degree
of multilinear polynomial representing function f. The number of queries

Q2(f) needed to compute a Boolean function f by a two-sided quantum al-

gorithm is at least d@—(f), where deg(f) is the smallest degree of multilinear

polynomial approximéting f.This reduces proving lower bounds on quan-
tum algorithms to prove lower bounds on degree of polynomials. This is a
well-studied mathematical problem with methods from approximation the-
ory [C 66] available. Quantum lower bounds shown by polynomials method
include a Qa(f) = Q(/D(f)) relation for any total Boolean function f
[BBCMW 01], lower bounds on finding mean and median [NW 99], collisions
and element distinctness [Ku 03], [AS 04]. Polynomials method is also a key
part of Q(v/N) lower bound on set disjointness which resolved a longstanding

open problem in quantum communication complexity [RA 03].

1.3.4 Adversary methods

The quantum adversary method runs a quantum algorithm on different in-
puts from some set. If every input in this set can be changed in many different
ways so that the value of the function changes, many queries are needed. The
original version of the quantum adversary method, let us call it unweighted,
was invented by Ambainis [AM 02]. It was successfully used to obtain the
following tight lower bounds: Q(y/n) for Grover search [GR 96|, Q(y/n) for
two-level And-Or trees (see [HMW 03] for a matching upper bound), and
Q(y/n) for inverting a permutation. The method starts with choosing a set
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of pairs of inputs on which f takes different values. Then the lower bound is
determined by some combinatorial properties of the graph of all pairs chosen.

Some functions, such as sorting or ordered search, could not be satisfac-
torily lower-bounded by the unweighted adversary method. Hoyer, Neerbek,
and Shi used a novel argument [HNS 02] to obtain tight bounds for these
problems. They weighted the input pairs and obtained the lower bound
by evaluating the spectral norm of the Hilbert matrix. Barnum, Saks, and
Szegedy proposed a general method [BSS 03] that gives necessary and suffi-
cient conditions for the existence of a quantum query algorithm. They also
described a special case, the so-called spectral method, which gives a lower
bound in terms of spectral norms of an adversary matrix. Ambainis also
published a weighted version of his adversary method [AM 04]. He showed
that it is stronger than the unweighted method, and successfully applied it
to get a lower bound for several iterated functions. This method is slightly
harder to apply, because it requires one to design a so-called weight scheme,
which can be seen as a quantum counterpart of the classical hard distribu-
tion on the inputs. Zhang observed that Ambainis had generalized his oldest
method [AM 02] in two independent ways, so he unified them, and published
a strong weighted adversary method [ZH 04]. Finally, Laplante and Magniez
used Kolmogorov complexity in an unusual way and described a Kolmogorov
complexity method [LM 04].

It was assumed that all adversary methods are related to each other. At
first, Laplante and Magniez showed that the Kolmogorov complexity method
is at least as strong as all the following methods: the Ambainis unweighted
and weighted methods, the strong weighted method and the spectral method.
Later Spalek and Szegedy proved that all methods are equivalent.

We use the results obtained by A. Ambainis [AM 02, AM 04] to prove
lower complexity bounds for quantum query algorithm that solves graph
cycle problem.



Chapter 2

Preliminaries

In this chapter we consider notions, definitions and well-known or elementary
facts, referenced directly or indirectly further in the thesis. We refer to [G 02]
for the most of definitions.

2.1 Unitary and Stochastic Operations

In this section, we recall well known definitions and theorems from linear
algebra. We also consider elementary properties of Doubly Stochastic Ma-
trixes. Some of the theorems are supplied with elementary proofs for the
sake of completeness.

Unitary Matrices

As noted in the next sections infinite unitary matrices with finite number
of nonzero elements in each row and column describe the work of quantum
automata. Further lemmas state some properties of such matrices.

Definition 2.1. A complex matriz U is called unitary, of UU* = U*U = I.

Lemma 2.2. If matrices A and B are unitary, then their direct product is a
unitary matriz.

If U is a finite matrix, then UU* = [ iff U*U = I. However this is not
true for infinite matrices:

14



CHAPTER 2. PRELIMINARIES 15

Example 2.3.
1
?5 00 0O
7 00 0O
0O 1 0 0O
U=1 00100
0O 0010

Here U*U = I but UU* # 1.

Lemma 2.4. If infinite matrices A, B,C' have finite number of nonzero
elements in each row and column, then their multiplication is associative:

(AB)C = A(BC).
Proof. The element of matrix (AB)C' in i-th row and j-th column is k;; =

> > @irbrscsj. The element of matrix A(BC') in the same row and column
s=1r=1

oo
is l;; = > > @irbrscsj. As in the each row and column of matrices A, B, C

r=1s=1
there is a finite number of nonzero elements, it is also finite in the given series.

Therefore the elements of the series can be rearranged, and k;; = [;;. O

Lemma 2.5. If U*U = I have finite number of nonzero elements in each
row and column, then the norm of any row in the matriz U does not exceed
1.

Proof. Let us consider the matrix S = UU*. The element of this matrix
sij = (rj|ri), where r; is i-th row of the matrix U. Let us consider the matrix
T = S?. The diagonal element of this matrix is

Zszkskz Zm\n (rilre) = Z\mln

k=1

On the other hand, taking into account Lemma 2.4, we get that
T=2S5*=(UU"UU"=UUU)U*=UU"=S.

Therefore t; = s;; = (r3|r;). It means that

[relri)[* = (rilrs). (2.1)

NE

e
Il

1

This implies that every element of series (2.1) does not exceed (r;|r;). Hence
|(ri|ri)|? = (ri|r:)* < (rilr;). The last inequality implies that 0 < (r;|r;) < 1.
Therefore |r;| < 1. O
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Lemma 2.6. Let us assume that U*U = I. Then the rows of the matriz U
are orthogonal iff every row of the matriz has norm 0 or 1.

Proof. Let us assume that the rows of the matrix U are orthogonal. Let

us consider equation (2.1) from the proof of Lemma 2.5, i.e., Y [{ri|ri)|* =
k=1

(ri|r;). As the rows of the matrix U are orthogonal, >_ |(r|r:)[* = |(r:i|r:)|*.
k=1

Hence (r|r;)? = (ri|r;), i.e., (rilr;) = 0 or (r;|r;) = 1. Therefore |r;| = 0 or
|T’Z‘| =1.
Let as assume that every row of the matrix has norm 0 or 1. Then
(ri]r:)® = (r;Jr;) and in compliance with the equation (2.1), Y.  |(rg|ri)|> =
kent\ {3}
0. This implies that V& # @ |(rg|r;)| = 0. Hence the rows of the matrix are
orthogonal. O

Lemma 2.7. The matriz U is unitary iff U*U = I and its rows have norm
1.

Proof. Let us assume that the matrix U is unitary. Then in compliance
with Definition 2.1, U*U = [ and UU* = I, i.e, the rows of the matrix are
orthonormal.

Let us assume that U*U = I and the rows of the matrix are normalized.
Then in compliance with Lemma 2.6 the rows of the matrix are orthogonal.
Hence UU* = I and the matrix is unitary. Il

Doubly Stochastic Matrices

These matrixes stand for transition matrixes for Probabilistic Reversible Au-
tomata considered in this thesis

Definition 2.8. A real (n x n) matriz S, s;; > 0, is called stochastic, if

VJ Z Siyj =1.
=1

Definition 2.9. A stochastic n x n matriz D is called doubly stochastic, if
Vi > d;;=1.

j=1
Lemma 2.10. If matrices A and B are doubly stochastic, then their direct

product is a doubly stochastic matrix.

Lemma 2.11. If A is a doubly stochastic matriz and X - a vector with
components x; > 0, then max(X) > max(AX) and min(X) < min(AX).
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o ai;lr a1 ... Qip
. ) a21 Q29 ... a3
Proof. Let us consider X = and A = ",
Ty ap1  Gp2 App

where A is doubly stochastic. Let us suppose that z; = max(X). For any 1,
1< <n,

Tj = Q175 + Qi + ...+ Qindj Z ;1T + Qoo + ...+ QinTy.

Therefore z; is greater or equal than any component of AX. The second
inequality is proved in the same way. O

Definition 2.12. We say that a doubly stochastic matriz S is unitary stochas-
tic (MO 79)), if exists a unitary matriz U such that Vi, j |u; ;j|* = s; ;.

Remark 2.13. Not every doubly stochastic matrix is unitary stochastic.
1

Such matrix is, for example,

NI= Ol

eI
N == O

2.2 Automata

In this section, we define notions applicable to arbitrary type of automata
we will use through out the thesis.

Abstract Automaton

Consider an abstract automaton A = (Q,%1,...,%m,q,0), where @ is a
finite set of states, 3, is an alphabet of the k-th tape, o is the initial state
and 0 is a transition function.

Each tape is potentially infinite on both directions. The cells of each tape
are indexed by numbers in Z. Each cell of the k-th tape stores a symbol in
Y, or white space, denoted . A cell the k-th tape head is above is called
the k-th current cell. The transition function determines possible transitions
of the automaton depending on its current configuration.

Definition 2.14. A configuration of an abstract automaton is

¢ = (¢iyn1,01, Tty Nn, Om, Tm), Where the automaton is in a state ¢; € Q
and oy, € X} 15 a finite word on the k-th input tape. The k-th current cell
is indexed by ny and it contains the last symbol of the word oy, if o) # € and
A, otherwise. All cells before or after oyt are blank (contain \).
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The automaton operates in discreet time moments (%o, ..., t.,...). If the
automaton cannot change contents of a particular tape, it is called input
tape. Let us assume that the automaton has p input tapes, and renum-
ber the tapes, so that first come input tapes. At the time moment tq, the
automaton is in configuration (go,0,€,71,...,0,€6,7,,0,€,€,...,0,€ €), where
T1,...,Tp are input words. We refer to the input word tuple as input. At
each time moment, the automaton performs a single transition, called step.
At each step, depending on its current state and symbols in current cells,
the automaton may change its current state, change the contents of current
cells, and afterwards, move each tape head one cell forward or backward.

Formally, the transition function ¢ defines a binary relation p from the
set @ X X1 X ... X X, to the set Q@ X Xppq X ... x By X {e, |, —=}™
(q1, 8155 8m)P(@2,5p11s - -3 Sy - - -y di), di € {+=, |, —}, means that for
the automaton being in the state ¢; and having symbols sq,...,s,, in cur-
rent cells, the following transition is possible: the automaton goes to the
state go, writes s,,,,...,s;, into the current cells of the tapes p +1,...,m
and moves tape heads according to the directions d;. If this relation is a func-
tion, we speak about deterministic automata, other considered possibilities
are probabilistic automata and quantum automata. Probabilistic automata
perform transitions with certain probabilities, whereas quantum automata -
with certain amplitudes.

For technical reasons, we may introduce two categories of white spaces for
input tapes, called end-markers; one is used before input word and denoted
as &, and the other after input word and denoted as «<P. So every input word
is enclosed into end-marker symbols & and «P!. Therefore we introduce a
working alphabet of the k-th input tape as I'y = 3 U {3, «P}. We define
the length of input as the length of the longest word in the input word tuple
(including one end-marker to the left of the word and one to the right of the
word).

By C we denote the set of all configurations of an automaton. This set
is countably infinite.

Remark 2.15. It is possible to reach only a finite number of other configu-
rations from a given configuration in one step, all the same, within one step
the given configuration is reachable only from a finite number of different
configurations.

ITo get rid of infinite input tapes we may also assume that input tapes are circular
and the length of every input tape is | = Jmax {I7k|} + 2, so that the next cell after the
<k=p

cell indexed by [ — 1 is the cell indexed by 0. The cells indexed by 0 store & and the rest
blank cells store «P.
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An abstract automaton introduced above is actually a description of an
m-tape Turing machine. To define other types of automata, we apply specific
restrictions to this general model. We say that an automaton is 7-way, if at
each step, it must move each input tape head one cell forward. We say
that an automaton is 1.5-way, if at each step, it may not move input tape
heads backward. Otherwise, an automaton is called 2-way. We refer to an
automaton as a finite automaton, if all of its tapes are input tapes.

To halt computation of the automaton, we may consider at least two
options. According to the first option, a subset of C is introduced and
configurations in the subset are marked as halting configurations. We monitor
the computation of the automaton and stop the computation as soon as the
automaton enters a halting configuration. According to the second option,
we determine the number of steps of computation in advance, and run the
automaton the specified number of steps. In particular, when the number of
steps is equal to the length of input, we get real-time automata.

Word Acceptance

We study automata in terms of formal languages they recognize. At least
two definitions exist, how to interpret word acceptance, and hence, language
recognition, for automata.

Definition 2.16. “Decide and halt” acceptance. Consider an automaton
with the set of configurations partitioned into non-halting configurations and
halting configurations, where halting configurations are further classified as
accepting configurations and rejecting configurations. We say that an au-
tomaton accepts (rejects) an input in a decide-and-halt manner, if the fol-
lowing conditions hold:

e the computation is halted as soon as the automaton enters a halting
configuration;

e if the automaton enters an accepting configuration, the input is ac-
cepted;

e if the automaton enters a rejecting configuration, the input is rejected.

We refer to the decide-and-halt automata as DH-automata further in the
thesis. In case of real-time automata, we may use the following definition.

Definition 2.17. Classical acceptance. Consider an automaton with the set
of configurations partitioned into accepting configurations and rejecting con-
figurations. We say that an automaton accepts (rejects) an input classically,
if the following conditions hold:
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e the computation is halted as soon as the number of computation steps
is equal to the length of input;

e if the automaton has entered an accepting configuration when halted,
the input 1s accepted;

e if the automaton has entered a rejecting configuration when halted, the
input is rejected.

We refer to the classical acceptance automata as classical automata or
C-automata further in the thesis.
The both definitions generally are not equivalent.

Language Recognition

Having defined word acceptance, we define language recognition in an equiv-
alent way as in [R 63].

By ps 4 we denote the probability that an input z is accepted by an
automaton A.

Furthermore, we denote P, = {p,a | ¥ € L}, P, = {p,a | z ¢ L},
p1 = sup Pp, p; = inf Py..

Definition 2.18. We say that an automaton A recognizes a language L with
interval (py,p2), if p1 < pa and Pp N Py = (.

Definition 2.19. We say that an automaton A recognizes a language L with
bounded error and interval (p1,p2), if p1 < pa2-

We consider only bounded error language recognition in this thesis.

Definition 2.20. An automaton recognizes a language with probability p if
the automaton recognizes the language with interval (1 — p, p).

Definition 2.21. We say that a language is recognized by some class of
automata with probability 1 — e, if for every € > 0 there exists an automaton
in the class which recognizes the language with interval (1,1 — &5), where
£1,62 < €.

Quantum Automata

In case of a quantum automaton, the transition function is

6:(Q XXX ... xX8y) X (QxXppy X ... x Xy x {—,],—=}") — Cpay.
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On each computation step, the quantum automaton is in quantum super-

position of configurations? 1)) = > a.|c), where Y |a.[* =1 and a. € C
ceC ceC
is the amplitude of a configuration |c). Every configuration |¢) € C is a

basis vector in the Hilbert space H, determined by l3(C). Every quantum
automaton defines a linear operator (evolution) over this Hilbert space. Due
to the laws of quantum mechanics, this operator must be unitary. Although
evolution operator matrix is infinite, by Remark 2.15 it has a finite number
of nonzero elements in each row and column, therefore it is possible to derive
necessary and sufficient conditions, i.e., well-formedness conditions to check
unitarity for each particular automata type.

General measurements. After each step, a measurement is applied
to the current quantum superposition of configurations. A measurement is
defined as follows. We introduce a set partition of C as {Cy, Ca,...,C,}. So

U Ci=Candifi#jthen C;NC;=0. Ey, Es, ..., E, are subspaces of

0<i<z

H spanned by Cq,Cs,, ..., C,, respectively. We use the observable O; that
corresponds to the orthogonal decomposition H = E1® Ey®...® E,. If the

quantum superposition before the observation is »_ «.|c), with probability
ceC
1

J— 2 i i N — L
Di CGZCi |a.|* the outcome of the observation is |1);) 7 Cez(;i ac|c). Hence

the total outcome of the observation is a mized state Y p;|;) (Y.
i=1

If 2 =1, we get quantum automata with pure states, otherwise we gener-
ally have quantum automata with mixed states. We get other marginal case,
when C is set partitioned into infinitely many subsets, with a single config-
uration in each subset®. In that case, the resulting quantum automaton is a
special kind of a probabilistic automaton. See the next subsection for further
details.

Word acceptance measurements. Another type of measurement is
applied to the quantum automaton to facilitate language recognition.

Decide-and-halt acceptance. We have to monitor when the quantum au-
tomaton enters a halting configuration. Hence we perform the following mea-
surement after each step. We partition C as C,, C, and C,qy, i.€., accepting,
rejecting and non-halting configurations. FE,, F, and FE,,, are subspaces of
H spanned by C,, C,, and C,c,, respectively. We use the observable O,
that corresponds to the orthogonal decomposition H = E, ® E,. ® E,,,. The

2More precisely, the automaton with certain probabilities is one of several possible
quantum superpositions, or in a mixed state.

3By Remark 2.15, on each computation step the number of configurations in a quantum
superposition is finite, so on each step it is possible to make the corresponding measurement
actually using some finite partition of C.
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outcome of each observation is either “accept” or “reject” or “continue”. If

the quantum superposition before the observation is ) a.|c), with probabil-
ceC
ity po = > |ac|? the input is accepted, with probability p, = > |a./|* the
ceCa ceCy
input is rejected, and with probability ppe, = Y. |ac|? the automaton is
c€Cnon

in the quantum superposition of non-halting states |¢)) = \/piﬁ S ade).
c€Cnon

Classical acceptance. After the computation is halted, we have to de-
termine, whether the automaton has entered accepting or rejecting config-
uration. We partition C as C,ee and Cyej, i.€., accepting and rejecting
configurations. Fg.., E,.; are subspaces of H spanned by Caee and C,e;j,
respectively. We use the observable O3 that corresponds to the orthogonal
decomposition H = E,.. ® E,e;. The outcome of the observation is either
“accept” or “reject”. If the quantum superposition before the observation is
> aelc), with probability pee = Y. |ae|? the input is accepted and with
ceC c€Cacc
probability p..; = Y. |ac|?* the input is rejected.

c€Crej

In case both generJal measurement and word acceptance measurement
have to be performed in a single step, it is easy to see that the order of
measurements is irrelevant, actually both measurements may be combined
into a single measurement after each step.

Putting things together, each computation step consists of two parts.
At first the unitary evolution operator is applied to the current quantum
superposition and then the appropriate measurements are applied, using ob-
servables as defined above.

Probabilistic Reversible Automata

Let us consider A. Nayak’s model of quantum automata with mixed states,
[N 99]. A variety of this model for arbitrary type of automata was consid-
ered in the previous subsection. (The difference is that Nayak’s model allows
a fixed sequence of unitary transformations and subsequent measurements
after each step.) As noted there, if a result of every observation is a sin-
gle configuration, not a superposition of configurations, we actually get a
probabilistic automaton. However, the following property applies to such
probabilistic automata - their evolution matrices are doubly stochastic.
The transition function is

(@ XXX ... xEn) X (QxXXp1 X...x Xy X {—],—=}") — Rjq.

After its every step, the probabilistic automaton is in some probability
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distribution pgco + p1c1 + ... + p.c., where pg + p1 + ...+ p, = 1. Such
probability distribution is called a superposition of configurations.

A linear closure of C forms a linear space, where every configuration can
be viewed as a basis vector. This basis is called a canonical basis. Every
probabilistic automaton defines a linear operator (evolution) over this linear
space. The corresponding evolution matrix must be doubly stochastic. So
we give the following definition for probabilistic reversible automata:

Definition 2.22. A probabilistic automaton is called reversible if its evolu-
tion s described by a doubly stochastic matrix, using canonical basis.

If the evolution of a probabilistic reversible automaton is described by
unitary stochastic matrix (see Definition 2.12), the automaton can be viewed
as a special case of a quantum automaton with mixed states.

It is necessary to note that in [AF 98], A. Ambainis and R. Freivalds
proposed a more restricted notion of probabilistic reversibility. For example,
they remarked that for the language L = {a*""®|n € N}, not recognizable by
a 1-way deterministic reversible finite automata, there exists a 1-way prob-
abilistic reversible finite automaton which recognizes the language. Conse-
quently, this restricted notion was used in [YKTI 00]. That model is actually
a restricted special case of probabilistic reversible DH-automata, as defined
in the thesis.

Deterministic Reversible Automata

Deterministic reversible automata can be viewed both as a special case of
quantum automata or as a special case of probabilistic reversible automata.
The transition function is

0:(Q XXX ... XxEy) X (Q XXy XXXy X {—,],—}") — {0,1}.

Automata Notations

We regard quantum automata, probabilistic reversible automata and deter-
ministic reversible automata as reversible automata. Refering to different
types of automata, we shall use the following notation:

[C|DH-](automata type)[-P|M].

C refers to “classical”, whereas DH refers to “decide-and-halt”. Notations
P and M are used in the case of quantum automata. P denotes an automaton
with pure states, whereas M - an automaton with mixed states.

For example, C-QFA-M are quantum finite automata with mixed states,
using classical definition of language recognition.
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2.3 Boolean function query complexity

In this section, we recall well known definitions for black box computational
model in deterministic and quantum cases. A good survey of this model is
given in [BW 02].

Consider a Boolean function f : 0,1 — 0,1. We are equipped with
an oracle that provide us information about variables of function’s input
vector X = (zg,x1,...T,_1). At one moment of time we can receive from
the oracle value of the one z; from X. Such call to oracle is called a query.
We are interested to compute function f making as few number of query
as possible. The classical algorithm that computes f using oracle queries is
called a decision tree, because it can be represented as a binary tree where
each vertex represent call for the oracle.

2.3.1 Deterministic decision tree complexity

A deterministic decision tree is a rooted ordered binary tree T'. Each internal
node of T is labeled with a variable x;, and each leaf is labeled with a value
0 or 1. Given an input X € {0,1}", the tree is evaluated as follows. Start
at the root, if this is a leaf, then stop. Otherwise, query the variable x; that
labels the root. If x; = 0 then recursively evaluate the left subtree, if z;=1
then recursively evaluate the right subtree. The output of the tree is the
value (0 or 1) of the leaf that is reached eventually. Note that the input
X deterministically determines the leaf, thus the output, that the procedure
ends up in.

Definition 2.23. The decision tree computes Boolean function f :0,1" —
0,1 if for each input tuple X = (o, x1,...,x,_1), computation goes to ac-
cepting leaf if f(X) = 1 and the computation ends in the rejecting leaf, if
F(X) =0,

Definition 2.24. Decision tree computes Boolean function f(X) with com-
plezity k if k is the number of oracle queries in worth case (k is the depth of
decision tree).

Definition 2.25. The decision tree complexity D(F') of the Boolean function
f(X) is complexity of the best decision tree that computes f(X).

2.3.2 Randomized decision tree

As in many other models of computation we can add the power of randomiza-
tion to the decision trees. There are two ways to view a randomized decision
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tree. Firstly we can add (possibly biased) coin flips as internal nodes to the
tree. That is, the tree may contain internal nodes labelled by a bias p € [0, 1],
and when the evaluation procedure reaches such a node, it will flip a coin
with bias p and will go to the left child on outcome "heads” and to the right
child on ’tails’. Now an input X no longer determines with certainty which
leaf of the tree will be reached, but instead induces a probability distribution
over the set of all leaves. Thus the tree outputs 0 or 1 with certain proba-
bility. The complexity of the tree is the number of queries on the worst-case
input and the worst-case outcome of the coin flips. A second way to define a
randomized decision tree is as a probability distribution p over deterministic
decision trees. The tree is evaluated by choosing a deterministic decision
tree according to p, which is then evaluated as before. The complexity of
the randomized tree in this second definition is the depth of the deepest T'
that has u(7") > 0. Obviously these two definitions are equivalent.

Definition 2.26. A randomized decision tree computes f with bounded-error
if its output equals f(x) with probability at least 2/3 for all X € {0,1}.
Ry(f) denotes the complexity of the optimal randomized decision tree that
computes [ with bounded error.

2.3.3 Quantum decision tree

The quantum decision tree (or quantum circuit) is a quantum analogue of
the classical decision tree where each oracle query and other operations are
made in quantum superposition. Formally it can be described in terms of
quantum circuits.

Consider Boolean function f :0,1" — 0, 1. If we have a quantum circuit
U that works on N-bit input data, using M extra bits. We can rewrite this
circuit as:

U)0™) = > aydy)e)
y,b
where x is N-bit string 0,1V and b is arbitrary bit: b€ 0, 1.
Definition 2.27. The quantum circuit U ezxactly computes Boolean function
FX) iff
22 lawd =1
y b=f(X)

(It means that outcome bit of the measurement is equal with f(X))
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Definition 2.28. The quantum circuit U computes Boolean function f(X)

with bound error d,iff
> D ey =10
)

Y b=f(X

(It means that outcome bit of the measurement is equal with f(X) with
probability at least 1—4). If for each X we define unitary transformation Ox
such that: Oxli)|b)=|i)|b @ x;). Then we can imagine this unitary transfor-
mation as oracle, because it returns the bits of input data. (Sometimes it is
better to use such transformation O,: O,|i,b)=(—1)"|i,b) both transforma-
tions are equivalent, as each can be simulated by another).

Then quantum decision tree with 7" queries can be represented as quan-
tum circuit:

U= UTOxUT_lox...OxUleUo,

where U; is arbitrary unitary transformations and Ox is unitary transforma-
tion that depends on input data X. The computation begins in the state |0)
then we sequentially apply transformations: Uy,Ox...Ur and finally make a
measurement of the final state. The outcome of the algorithm is the right-
most bit of the measurement. If the result of the algorithm is equal with
f(X) for every X then quantum decision tree exactly computes f(X). If for
each X the outcome of the algorithm equals with f(X) with probability at
least frac23 then we say that algorithm computes f(X) with bound-error.

The complexity of the quantum algorithm that computes f(X) is equal
with the maxx(]Ox|). The quantum query complexity for Boolean function
f(X) is the complexity of the best quantum algorithm that computes f(X).
We denote Qg(f) for the query complexity of quantum algorithms that com-
putes f(X) exactly, and Qa(f) for the query complexity for quantum algo-
rithms that computes f(X) with bounded-error. Usually we are interested
in bound-error computation, where the output is correct with probability at
least % for all inputs. Note that we just count the number of queries, not the
complexity of the U;.

Unlike the classical deterministic or randomized decision trees, the quan-
tum algorithms are not really trees anymore (the names ’quantum query
algorithm’ or "quantum black-box algorithm’ are also in use). Nevertheless
we prefer the term ’quantum decision tree’, because such quantum algo-
rithms generalizes classical trees in the sense that they can simulate them,
as sketched below. Consider a T-query deterministic decision tree. It first
determines which variable it will query initially. Then it determines the next
query depending upon its history, and so on for 7. Eventually it outputs an
output-bit depending on its total history. The basis state of the correspond-
ing quantum algorithm have the form |i, b, h, a) where i,b is the query-part,
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h ranges over all possible histories of the classical computation (this his-
tory includes all previous queries and their answers), and a is the rightmost

qubit, which will eventually contain the output. Let Uy maps the initial state
W, 0, ﬁ, 0> to |2, 0, 6), 0), where z; is the first variable that the classical tree
would query. Now the classical algorithm applies O, which turns the state

mto

T, T;, W, O>. Then the algorithm applies a transformation U; that maps

i, T, ﬁ, 0> to |7,0, h,0), where h is the new history (which includes i and

z;) and z; is the variable that classical tree would query given the outcome
of the previous query. Then the quantum algorithm applies O for the sec-
ond time, it applies the transformation U, that updates the workspace and
determines the next query e.t.c. Finally, after T" queries the quantum tree
sets the answer bit to 0 or 1 depending on its total history. All operations
U; performed here are injective mappings from basis states to basis states,
which are unitary transformations. Thus a T-query deterministic decision
tree can be simulated by an exact T-query quantum algorithm. Similarly
(basically because a superposition can ’simulate’ a probability distribution)
a T-query randomized decision tree can be simulated by a T-query quan-
tum decision tree with the same error probability. Accordingly, we have

Qo(f) < Ra(f) < D(f) < n and Qa(f) < Qu(f) < D(f) < n for all £,

2.4 Markov Chains

We recall several definitions from the theory of finite Markov chains ([KS 76],
etc.) used in this thesis when describing behavior of PRA.

A Markov chain with n states can be determined by an n x n stochastic
matrix A, i.e., matrix, where the sum of elements of every column in the
matrix is 1. If A; ; = p > 0, it means that a state ¢, is accessible from a state
q; with a positive probability p in one step.

2.4.1 Classification of states

Definition 2.29. A state g; is accessible from q; (denoted q¢; — q;) if there
is a positive probability to get from q; to q; in 1 or more steps.

Note that some authors consider zero steps are valid for this definition
that means ¢; — ¢; for any i.

Definition 2.30. States ¢; and q; communicate (denoted ¢; < q;) if ¢; — ¢;
and q; — ¢;.
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For accessibility or communication in one step we will put the correspond-
: . A . .
ing matrix above the symbol. Example: ¢; — ¢; means there is a positive
probability to get from g; to ¢; in 1 step. Or the same A,;;0. When working
with automata we will use sometimes input words instead of their matrixes.

Definition 2.31. A state q is called recurrent if Vi ¢ — ¢; = ¢ — q.
Otherwise the state is called transient.

There several different definitions for transient states proven to be equiv-
alent to the above, important for us is

Definition 2.32. A state g; is called transient iff > (A");; < o0

n—oo
Definition 2.33. A state q is called absorbing if there is a zero probability
of exiting from this state.

Definition 2.34. A Markov chain without transient states is called irre-
ducible if for all g;,q; q; < q;. Otherwise the chain without transient states
1s called reducible.

Definition 2.35. The period of an recurrent state q; € QQ of a Markov chain
with a matriz A is defined as d(q;) = ged{n >0 | (A™);; > 0}.

Definition 2.36. An recurrent state q; is called aperiodic if d(q;) = 1. Oth-
erwise the recurrent state is called periodic.

Definition 2.37. A Markov chain without transient states is called aperiodic
if all its states are aperiodic. Otherwise the chain without transient states is
called periodic.

Definition 2.38. Markov chain is called absorbing iff that contains at least
one absorbing state, and for any non-absorbing state q; there is an absorbing
state that is accessible from q;. Thus the states of absorbing Markov Chain
can be numbered so that transition matriz A has a form

A O
B I

where I - unit matriz, O - all zero matrizc

Definition 2.39. A probability distribution X of a Markov chain with a
matrix A is called stationary, if AX = X.
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2.4.2 Behaviour of Markov chains

We recall the following theorem from the theory of finite Markov chains about
stationary distribution:

Theorem 2.40. If a Markov chain with a matrix A is irreducible and ape-
riodic, then

a) it has a unique stationary distribution Z;

b) im A" =(Z,...,7Z);

c) VX lim AX = Z.

n—oo

We recall the following fact regarding transient states of a Markov Chain

Theorem 2.41. Given Markov chain with matriz A and transient state g;,
Jor matriz A™ when n — oo ajy — 0 for any j

Proof. from Definition 2.32 Il

2.4.3 Doubly Stochastic Markov Chains

The notion again is introduced according to the needs of PRA.

Definition 2.42. A Markov chain is called doubly stochastic, if its transition
matrix is a doubly stochastic matriz.

Corollary 2.43. If a doubly stochastic Markov chain with an m X m matrix
A is irreducible and aperiodic,
1 1

a) lim A" = S ;
e l .. i
m i m
b) VX lim APX = | .
n—oo i
Proof. By Theorem 2.40. O]

Lemma 2.44. If M is a doubly stochastic Markov chain with a matriz A,
then ¥q q — q.

Proof. Assume existence of ¢y such that ¢y is not accesible from itself. Let
Quw =1{q |0 — @} ={aq, .., a}. Qg is not empty set. Consider those
rows and columns of A, which are indexed by states in (),,. These rows and
columns form a submatrix A’. Each column j of A’ must include all non-zero
elements of the corresponding column of A as those states are accesible from
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the state g;, hence also from ¢y and are in @,,. Therefore Vj, 1 < j <k,
k
;Ag’j =1land } A, =k On the other hand, since gy ¢ Q, a row

1<4,5<k
of A’ indexed by a state accesible in one step from ¢y does not include all

k
nonzero elements. Since A is doubly stochastic, Ji,1 < i < k, > Ay <1
j=1

and ) Aj; <k. Thisis a contradiction. O
1<ij<k

Corollary 2.45. Suppose A is a doubly stochastic matriz. Then exists k > 0,
such that ¥i (A*);; > 0.

Proof. Consider an m x m doubly stochastic matrix A. By Lemma 2.44, Vi
dn; > 0 (A™);; > 0. Take n = [] ns. For every i, (A™);; > 0. O

s=1
Lemma 2.46. If M is a doubly stochastic Markov chain with a matriz A,
then vqm b Ab,a >0= b — Ya-

Proof. Ay, > 0 means that ¢, is accesible from ¢, in one step. We have to
prove, that ¢, — ¢,. Assume from the contrary, that g, is not accesible from
@ Let Qp, =1{¢ | @ — @i} ={q1,q2, .-, qx}. By Lemma 2.44, g, € Q. As
in proof of Lemma 2.44, consider a matrix A’, which is a submatrix of A and
whose rows and columns are indexed by states in (),,. Each column j has
to include all nonzero elements of the corresponding column of A. Therefore
k
. . / _ !/ _
Vi, 1 <5<k, ;Ai’j =1 and 1<izj<k A} ; = k. On the other hand, Ay, >0
and q, ¢ Qg,, therefore a row of A’ indexed by ¢, does not include all nonzero

k

elements. Since A is doubly stochastic, > Aj ; < land > A, <k. This
j=1 1<i,j<k

is a contradiction. O

Corollary 2.47. If M s a doubly stochastic Markov chain and q, — q,
then q, < qp.

Proof. If q, — ¢ then exists a sequence ¢;,, qi,, - --,qi,, such that A4; , >
0, Aiyiy >0,..., 4,4, >0, Ay;, > 0. By Lemma 2.46, we get ¢, — ¢;,,
qik. - qik_p ceoy Qio 7™ Gy 4iy — (Ga- Therefore dp — Qq- L

Lemma 2.48. Suppose A is a doubly stochastic matriz and k > 0, such that
Vi (A%);; > 0. Then exist m > 0 such that for all pairs q; q; where ¢ — q;
for A, g; — q; in one step for (A¥ x m)
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Proof. Assume ¢; — g; in x steps, as according to Lemma 2.45 ¢; — ¢; in one
step, ¢i — g; in x+1 step as well. For any pair of states ¢; ¢; where ¢, — ¢;
for A*, g; is accessible in less then n number of rows in A steps. Thus m = n
gives the necessary constant. O

Corollary 2.49. Communication is a class property for states of doubly
stochastic Markov chains.

Proof. .

o reflexive - Vig; < ¢; by Lemma 2.44
e symmetric - If ¢; < ¢; then ¢; < ¢;
e transitive - If ¢; <> ¢; and ¢; <> i then ¢; < ¢
O

Corollary 2.50. Accessibility is a class property for states of doubly stochas-
tic Markov chains.

Proof. .

e reflexive - Vig; — ¢; by Lemma 2.44
e symmetric - If ¢; — ¢; then ¢; — ¢; by Corollary 2.47
e transitive - If ¢; — ¢; and ¢; — ¢ then ¢; — g
O

Therefore, for doubly stochastic Markov chains communication and ac-
cessibility divides the state space into mutually disjoint exclusive classes.

4if we would use definition of accessibility where a state is always accessible from itself
then this corollary would hold for any finite Markov chain



Chapter 3

Quantum query algorithm
complexity

3.1 Quantum lower bounds by polynomials

In this section we briefly describe polynomial method of quantum query
complexity. We do not pay much attention on it, because we use adversary
lower bound technique to prove quantum query complexity of our problem.
We refer to [BBCMW 01, AM 04] in this section.

Consider finite field Z, For each Boolean function f(X): 0,1V — 0,1 we
can find such p¢(zo, 1, ..., ty—1) € Za[To, X1, ..., n—_1] such that f(ao,ay,...,an—1)
= pslag, ay,...,aN — 1) for all (ag,ay,...,an—1) € Z3’ . That’s true because
every Boolean function can be written using only 2 binary operations: AND
and NOT. AND operation can be represented as polynomial payp(z1,x2) =
x1x9, and NOT operation cab be represented as polynomial pyor(z) = 1—x
(remember that 2% = z for every z € Z,). We are interested to find such
polynomials in the field of real numbers.

Definition 3.1. We say the polynomial p € R|xg, x1,...x N — 1] represents
Boolean function f(xg,x1,..xx—-1) iff f(xo,21,...xny_1) = p(To,T1,..TN_1)
for all (zo, 71, ..xx_1) € 0,1V

We use deg(f) to denote the degree of a minimum-degree p that represents
I

Definition 3.2. We say the polynomial p € R|xg,z1,...xN — 1] approxi-
mates Boolean function f(xo,x1,...xx_1) with bounded-error § (6 < %), iff
Ip(zo, 71, ...tn_1) — f(T0, 21, .xn_1)|] < 0 for all (zg,x1,...x5_1) € 0,1V

We use 3;5( f) to denote the degree of a minimum-degree p that approx-
imates f. For example, zoxy...xy_1 is a multilinear polynomial of degree N

32
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that represents the AND-function. Similarly, 1 — (1 —x¢)(1 —21)...(1 —2n_1)
represents OR. The polynomial %xo—l—%xl approximates but does not repre-
sent AND on 2 variables.

The next two lemmas link quantum networks with polynomials. The idea
is to obtain the lower bound of approximation polynomial’s degree. Then we
can obtain lower bounds for Boolean function.

Lemma 3.3. Consider quantum network that makes T oracle queries. Let
X0, X1, ..., Tn_1 is input bit vector. For each k: 0> k < 2M —1 exists polyno-
mials px, pr € Clzo, x1, ..., N — 1] each of degree at most T, such that final
state of the network is the superposition

Zpk(%, T1yeeny $N—1) |k>
k

where M is the maximum number of qubits used in computational process.

Proof. Every quantum network U can be represented as sequence of unitary
transformations: U=UrOxUr_10,...U;0,Uy where Uy is arbitrary unitary
transformation and Oy is unitary transformation representing oracle query
that maps state |i,b, z) to the state |i,b® x;, z) Let quantum network is in
state |¢;) before ith query. Then |¢;11)=U;Ox |¢;) The amplitudes in |¢g)
depend on the initial state and on Uy but not on X, so they are polynomials
of X of degree 0. A query maps basis state |i,b, z;) to |i,b @ x;, z;). Hence if
the amplitude of |7, 0, 2;) in |¢g) is a and the amplitude of |i, 1, 2;) in |¢y) is S,
then the amplitude of |7, 0, z;) after the query becomes (1 —x;)a+z;3 and the
amplitude of |i, 1, z;) becomes x;a+(1—x;) 3, which are polynomials of degree
1. (In general, if the amplitudes before a query are polynomials of degree < j,
then the amplitudes after the query will be polynomials of degree < j + 1.)
Between the first and the second query lies the unitary transformation Uj.
However, the amplitudes after applying U; are just linear combinations of
the amplitudes before applying Uy, so the amplitudes in |¢;) are polynomials
of degree at most 1. Continuing in this manner, the amplitudes of the final
states are found to be polynomials of degree at most T. O]

If the amplitude of state |k) is oy then the probability of getting this
state |k) after the measurement is |ay|> By lemma 3.3 oy, are polynomials in
field Clxo, 1, ...,xn—1] each of degree at most T. Then we can rewrite ay:
ar=0%(T0, T1, ..., tn_1)+iVK(To, 1, ..., Ty _1) Where B, vk in R[zo, 21, ..., Ty_1]
each of degree at most T. As |ay|> = |Bk]> + |7&|” we obtain the next lemma:

Lemma 3.4. Let N be a quantum network that makes T oracle queries. Then
exists polynomials qx(zo,x1,..tn_1) € R[xo,x1,...,xn_1] each of degree at
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most 2T such that probability of getting state |k) after the measurement is
equal qp(To, 71, ... TN 1)

The lemmas 3.3 and 3.4 imply the lower bounds of Boolean functions.

—_—

Theorem 3.5. For Boolean function f : Qo(f) > degﬁ

Proof. Consider a quantum network that computes Boolean function f with
bounded-error delta. Let T be a number of oracle queries made. Then the
final state of the network ¥ can be rewritten as follows:

2]%*1_1 2]\/[71_1
=) alb)+ > Ak},
k=0 k=0

where the rightmost bit is the result of the computation. The probability
M—1_
of getting 1 after the measurement is equal >.;_ ~'|ax|>. The lemma 3.4

implies that probability of getting 1 is a multilinear real polynomial p with
degree at most 2T. As quantum network computes f with bounded-error ¢
then such statements hold:

o if f(xo,x1,...,xxy_1) = 1 then p(xg,x1,...,2n_1) > 1 — 9, and then
|f(xo, 21,y zn_1) — p(xo, T1, oy 1) <O

o if f(xg,21,....,xx_1) = 0 then p(zg, x1,...,xxy_1) < I, and then
|f(zo, 21, ... tn—1) — p(T0, T1, ooy Ty—1)] < O

Then p(zg, x1, ..., xn—_1) approximates f with bounded-error . As p degree
is at most 2T, then T > % O]

Theorem 3.6. For Boolean function f : Qp(f) > deg;f)

Proof. The proof is analogical to the proof of theorem 3.5. The only difference
is that computation is exact, then p(xg, x1, ..., zx_1) represents f. Asp degree

is at most 2T, then T > degT(f) O]

For example, for Boolean function AN D(xq, 1, ..., xny_1) we can find mul-
tilinear real polynomial p(zg,...zn_1) = Zoz1...xy_1 that represents AND
(indeed if all input bits are 1 then p(X) = 1, otherwise p(X) = 0). This
implies that Qg(f) > &

The main advantage of the polynomials method is that this reduces prov-
ing lower bounds on quantum algorithms to proving lower bounds on degree
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of polynomials. This is a well-studied mathematical problem with methods
from approximation theory [C 66] available. Quantum lower bounds shown
by polynomials method include a Q2(f) = Q(/D(f)) relation for any to-
tal Boolean function f [BBCMW 01], lower bounds on finding mean and
median [NW 99|, collisions and element distinctness [AM 99, Ku 03]. Poly-
nomials method is also a key part of recent Q(\/N ) lower bound on set
disjointness which resolved a longstanding open problem in quantum com-
munication complexity [RA 03].

Given the usefulness of polynomials method, it is an important question
how tight is the polynomials lower bound. [BBCMW 01, BW 02] proved that,
for all total Boolean functions, Qo(f) = O(deg®(f) and Qg(f) = O(deg*(f)).
The second result was improved to Qg(f) = O(deg®(f)) [MI 04]. Thus,
the bound is tight up to polynomial factor. Even stronger result would be
Qr(f) = O(deg(f)) or Q2(f) = O(deg(f)). Then, determining the quantum
complexity would be equivalent to determining the degree of a function as
a polynomial. It has been an open problem to prove or disprove either of
these two equalities [BBCMW 01, BW 02]. A. Ambainis In [AM 04] showed
the first provable gap between polynomial degree and quantum complexity:
deg(f) = 2 and Qz(f) = Q(2.5%). Since deg(f) > deg(f) and Qp(f) >
Q2(f), this implies a separation both between Qg(f) and deg(f) and between
Q2(f) and ZZ\GE( f). To prove the lower bound, Ambainis used the quantum
adversary method of [AM 02]. This method is of high importance for us,
because we use it to prove lower bounds for graph circuit problem.

3.2 Adversary methods

The quantum adversary method runs a quantum algorithm on different in-
puts from some set. If every input in this set can be changed in many different
ways so that the value of the function changes, many queries are needed. The
original version of the quantum adversary method, let us call it unweighted,
was invented by Ambainis [AM 02]. It was successfully used to obtain the
following tight lower bounds: Q(/n) for Grover search [GR 96|, Q(y/n) for
two-level And-Or trees (see [HMW 03] for a matching upper bound), and
Q(y/n) for inverting a permutation. The method starts with choosing a set
of pairs of inputs on which f takes different values. Then the lower bound is
determined by some combinatorial properties of the graph of all pairs chosen.

Some functions, such as sorting or ordered search, could not be satisfac-
torily lower-bounded by the unweighted adversary method. Hoyer, Neerbek,
and Shi used a novel argument [HNS 02] to obtain tight bounds for these
problems. They weighted the input pairs and obtained the lower bound
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by evaluating the spectral norm of the Hilbert matrix. Barnum, Saks, and
Szegedy proposed a general method [BSS 03] that gives necessary and suffi-
cient conditions for the existence of a quantum query algorithm. They also
described a special case, the so-called spectral method, which gives a lower
bound in terms of spectral norms of an adversary matrix. Ambainis also
published a weighted version of his adversary method [AM 04]. He showed
that it is stronger than the unweighted method and successfully applied it
to get a lower bound for several iterated functions. This method is slightly
harder to apply, because it requires one to design a so-called weight scheme,
which can be seen as a quantum counterpart of the classical hard distribu-
tion on the inputs. Zhang observed that Ambainis had generalized his oldest
method [AM 02] in two independent ways, so he unified them, and published
a strong weighted adversary method [ZH 04]. Finally, Laplante and Magniez
used Kolmogorov complexity in an unusual way and described a Kolmogorov
complexity method [LM 04].

It was assumed that all adversary methods are related to each other. At
first, Laplante and Magniez showed that the Kolmogorov complexity method
is at least as strong as all the following methods: the Ambainis unweighted
and weighted method, the strong weighted method, and the spectral method.
Later Spalek and Szegedy proved that all methods are equivalent.

In addition it was known limitations for lower bounds obtained by the ad-
versary methods. Firstly Szegedy in [SZ 03] proved that the weighted adver-
sary method is limited by min(y/Cyn, v/Cin), where Cy is the zero-certificate
complexity of Boolean function f and C' is the one-certificate complexity of
f. Laplante and Magniez proved the same limitation for the Kolmogorov
complexity method [LM 04]. Finally Zhang in [ZH 04] and independently
Spalek and Szegedy [SZ 03] improved this bound to +/CyC} for total f.

In this section we briefly describe all these methods, concentrating on
Ambainis’s method, because we use it to prove lower bounds for graph circuit
problem.

3.2.1 Spectral adversary method

Theorem 3.7. Let f(X) : {0,1}Y — {0,1} be a partial boolean function,
D;,F be |[N|x|N| zero-one valued matrices that satisfy D;[z,y] = 1 iff z; # y;
fori € [N], and Flz,y] = 1iff f(x) # f(y). Let T denote an |N| x |N| non-
negative symmetric matrixz such that I'o F = 1. Then

Q2(f) = Q(max AL)

I max;en) A(I o D;) )
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3.2.2 Kolmogorov complexity

Deep knowledge of Kolmogorov complexity is not necessary to understand
the results in this section. We just introduce lower bound technique based
on this method. The results on the relation between various classical forms
of the quantum adversary method and the Kolmogorov complexity method
are taken from Laplante and Magniez [LM 04].

Definition 3.8. A set is called prefix-free if none of its members is a prefix
of another member.

Definition 3.9. For a fized universal Turing machine M and a prefix-free
set S, the prefix-free Kolmogorov complexity of x given y, denoted by
K(x|y), is the length of the shortest program from S that prints x if it gets y
on the input. Formally,

K(zly) = min{|P|: P € S, M(P,y) = z}.

Laplante and Magniez gave lower bounds for quantum query complexity,
using Kolmogorov complexity.

Theorem 3.10. Let o € {0,1}* denote a finite string. Then

1
Q2(f) = Q(min  max , — ).
o e f@AE) Y, V2 Kz =Kilye)

3.2.3 Weighted adversary

The previously known version of quantum adversary method gives a weaker
lower bound of Qo(f) = ©(2.1213...49). While this already gives some gap
between polynomial degree and quantum complexity, we can achieve a larger
gap by using a new, more general version of the method. The new compo-
nent is that we carry out this argument in a very general way. We assign
individual weights to every pair of inputs and distribute each weight 2 among
the two inputs in an arbitrary way. This allows us to obtain better bounds
than with the previous versions of the quantum adversary method. We ap-
ply the new lower bound theorem to three functions for which deterministic
query complexity is significantly higher than polynomial degree. The result
is that, for all of those functions, quantum query complexity is higher than
polynomial degree. The biggest gap is polynomial degree 2¢ = M and query
complexity (2.5%) = Q(M321+). Spalek and Szegedy [SS 04] have recently
shown that Ambainis method is equivalent to two other methods, the spec-
tral method of [BSS 03] that was known prior to Ambainis’s work [AM 04]
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and the Kolmogorov complexity method of [LM 04] that appeared after the
conference version of Ambainis’s paper was published. Although all three
methods are equivalent, they have different intuition. It appears to us that
Ambainis’s method is the easiest to use for results in this paper. Let start
with the earliest Ambainis’s adversary method [AM 02].

Theorem 3.11. Let f : 0,1¥ — 0,1, A c 0,1, B C 0,1V, be such that
F(4) = 0, f(B) = 1 and

o for every x € A, there are at least m inputs y € B such that y differs
from x in one bit

e for every y € B, there are at least m’ inputs x € A such that x differs
from y in one bit.

Then, Q>(f) = Q(Vmm/)
Later Ambainis gave another generalized version of this theorem.

Theorem 3.12. Let f:0,1¥ — 0,1, AcC 0,1V, BC 0,1V, RC Ax B be
such that f(A) = 0, f(B) = 1 and

o for every x € A, there are at least m inputs y € B such that (z,y) € R
e for everyy € B, there are at least m’ inputs x € A such that (z,y) € R

o for every x = (z1..xn) € A and every i € [N] there are at most | inputs
y € B such that (z,y) € R and x; # y;

o for every y = (y1...yn) € B and every i € [N], there are at most I’
inputs x € A such that (z,y) € R and x; # y;.

Then, Qa2(f) = Q4 n;Tr?/)

The main idea of these theorems is if we can split input data into 2 sets
X, Y such that f(X) =0 and f(Y) = 1 and there are lots of possibilities how
to obtain X from Y, changing some bits, than lower bounds had to be big
enough.

Finally Ambainis provided generalization of this theorem.

Theorem 3.13. Let f:0,1¥ — 0,1, AcC 0,1, BC0,1Y, RC Ax B be
such that f(A) =0, f(B) = 1 and

e for every x € A, there are at least m inputs y € B such that (z,y) € R

o for everyy € B, there are at least m’' inputs x € A such that (z,y) € R
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® Zet lx,i = ’y : (x,y) € R7 X 7& yl‘? ly,i = |.T : (.Clﬁ,y) € Ra X 7é yzl;

ez = Max Ly ily,i
z,y,i:(z,y)ERGE[N],zi £y;

Then, Q2(f) = Q(y/ =)

lmaz

In [AM 04] Ambainis gave another way to generalize theorem 3.12. He
used weighted scheme to prove better lower bounds.

Definition 3.14. Let f : 0,1¥ — 0,1, AC f71(0), BC f~'(1) and R C Ax
B. A weight scheme for A,B,R consists of numbers w(x,y) > 0, u(z,y,i) >
0, v(y,z,i) > 0 for all (x,y) € R and i € [N] satisfying x; # y;, we have

u(w,y, i)y, x,i) > w’(z,y).

Definition 3.15. The weight of input vector is w, = Z w(z,y), ifr € A
y:(z,y)ER

and w, = Z w(z,y) ify € B.

z:(z,y)ER
Definition 3.16. Let i € [N]. The load of variable x; is
Uy = Z u(z,y,1)
y:(xvy)evaiiyi
and the load of variable y; is

Vyi = Z U(ZE,y,i)

x(xvy)Eszl #yl

Theorem 3.17. Let f : 0,1V — 0,1 where X C f71(0), Y C f~Y(1) and
RC X XY . Let w, u, v be a weight scheme for X, Y, R. Then

Wy Wy

Qs(f) = Q(\/ min min

TEX,0KISN—1 Uy ; yeY,0<<N—1 Uy 5

)

It’s easy to see that theorem 3.17 generalizes theorem 3.13. Indeed, for

each A, B, R from 3.13 we can construct such weight scheme: w(z,y) = 1,

u(x,y, i) = Yo v(z, y, i) = Yo then:

Y,

o u(z,y,i)v(r,y,i)=m0 > 1= u(z,y,i)v(r,y,i) > w(z,y)

lz,ily,i
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® Uyp; = Z ’U,(ZL’,y,Z) - lﬂf,iu('rai%i)

y:(z,y) ER,xi #Y;

b vai = Z ’U(l’,y,i) = lyﬂ'v(xayvi)

z:(z,y) ER, i £Y;

. Wy . Wy . Wy . wy
Then min min — = min min
2€X,0<ISN—1 Uy ; yEY,0<jSN—1 Uy 2E€X,0<i<N-1 [, 00 yEY,0<G<N-1 [ 0

= /™™ thus theorem 3.17 gives at least the same lower bounds as 3.13.

lmaz

Later Zhang in [ZH 04] gave improved version of Ambainis’s theorem.

Theorem 3.18. Let f : 0,1 — 0,1, and X, Y be two sets of inputs such
that f(x) # f(y) ifr € X andy € Y. Let RC X XY . Let w, u, v be a
weight scheme for X, Y,R. Then

Quf) = Q(\/ min

(ﬁ’y)ERziE [N] 7Ii7éyi ux,ivy,i

Wy Wy

It’s obvious that theorem 3.18 gives better lower bounds that theorem
3.17. Indeed, for each, X, Y, R, w, u, v holds:

Welly Wy Wy

min < min .
z,y,0,5:2€ X,y €Y i, €[N] Ug jVy 5 z,y,i:(2,y) ERIEIN], 7Yy Ug jVy i

3.2.4 Limitations of adversary methods

Let us denote by Albi(f), Alby(f) and Albs(f) the best lower bound for
function f achieved by Theorem 3.13, 3.17 and 3.18, respectively (it means

/
Albi(f) = ;{Il%)}%(w / Tln_m) e.t.c.). Note that in the four Albs, there are many

parameters (X, Y,R, u, v,w) to be set. By setting these parameters in an
appropriate way, one can get lower bounds of quantum query complexity for
many problems. Since theorem 3.12 generalizes theorem 3.13 and theorem
3.18 generalizes 3.12 then Alb; < Alby < Albs generalizes. But Albs also has
a limitation that was shown by Zhang [ZH 04]. Let start with definition.

Definition 3.19. Let f : {0,1}Y — {0,1} be a Boolean function and x €
{0, 1} be some input, a certificate set C'S, of f on x is a set of indices
such that f(x) = f(y) whenever y; = z; for all i € CS,. The certificate
complexity C(f,x) of f on x is the size of a smallest certificate set of f on .
The 0-certificate complezity of f is Co(f) = Ifr%a)XOC’(f, x). The 1-certificate

complezity of f is C1(f) = }}I(l&)}il C(f,x). The certificate complezity of f is
C(f) =max{Cy(f),Ci(f)}. We further denote C_(f) = min{Cy(f),C1(f)}.
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For example, if f is the OR-function, then the certificate complexity on

X=(1,0,0,...,0)is 1, because the assignment zy = 1 already forces the
OR to 1. The same holds for the other X for which f(X) =1, so Cy(f) = 1.
On the other hand, the certificate complexity on X = (0, 0, . . . , 0) is N,

so Co(f) =N and C(f) =N and C_(f) = 1.
Theorem 3.20. [ZH 04] Albs(f) < \/N - C_(f) for any total N-ary Boolean

function f.

Theorem 3.21. [ZH 04] Albs(f) < /Co(f)-Ci(f) for any total N-ary

Boolean function f.

Later Spalek and Szegedy in [SS 04] showing that all adversary meth-
ods are equivalent, have also proved that all adversary methods have such
limitation as in theorem 3.21.

Theorem 3.22. Let f: {0,1} — {0,1} be a Boolean function. Let Qa(f)
Q2(f) >
1-24/e(l1—e) —

SA(f) = WA(f) = QKA(f)) , where SA, WA and KA are lower bounds
given by the following methods:

denote the bounded-error quantum query complexity of f. Then

o SA(f)- Spectral adversary lower bound obtained by theorem 3.7

A(T)
A pu—
SA(S) s max;e(n] A( o D;)

o WA(f) - weighted adversary lower bound obtained by theorem 3.17 and
3.18

Wy Wy

WA(S) = \/ min

(mvy)eRvie [N] »Li ;éyl ux,ivy,i

o KA(f)- Kolmogorov lower bound obtained by theorem 3.10

1
KA(f) =min  max ' :
7 ewl @AW Y, V2 Kilze)—Kily)

3.2.5 Separation between the polynomial and adver-
sary method
The polynomial method and the adversary method are generally incompara-

ble. There are examples when the polynomial method gives better bounds
and vice versa. The polynomial method has been successfully applied to
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obtain tight lower bounds for the following problems: (n'/?) for the col-
lision problem and Q(n??) for the element distinctness problem [1] (see [4]
for a matching upper bound). The quantum adversary method is incapable
of proving such lower bounds due to the small certificate complexity of the
function. Furthermore, the polynomial method often gives tight lower bounds
for the exact and zero-error quantum complexity, such as n for the Or func-
tion [8]. The adversary method completely fails in this setting and the only
lower bound it can offer is the bounded-error lower bound. On the other
hand, Ambainis exhibited some iterated functions [3] for which the adver-
sary method gives better lower bounds than the polynomial method. The
largest established gap between the two methods is n'#?'. Furthermore, it
is unknown how to apply the polynomial method to obtain several lower
bounds that are very simple to prove by the adversary method. A famous
example is the two-level And-Or tree. The adversary method gives a tight
lower bound Q(y/n) [2], whereas the best bound obtained by the polyno-
mial method is Q(n'/3) and it follows [5] from the element distinctness lower
bound [1]. There are functions for which none of the methods is known to
give a tight bound. A long-standing open problem is the binary And-Or
tree. The best known quantum algorithm is just an implementation of the
classical zero-error algorithm by Snir [25] running in expected time @ (n%73%),
which is optimal for both zero-error [23] and bounded-error [24] algorithms.
As we have shown in previosu section the adversary lower bounds are limited
by vCoC1 = v/n. The best known lower bound obtained by the polynomial
method is also (y/n) and it follows from embedding the parity function.
It could be that the polynomial method can prove a stronger lower bound.
Two other examples are triangle finding and verification of matrix products.
For triangle finding, the best upper bound is @(n!3) [20] and the best lower
bound is 2(n). For verification of matrix products, the best upper bound
is @(n®?)[10] and the best lower bound is Q(n%?). Again, the adversary
method cannot give better bounds, but the polynomial method might. It is
an interesting open problem to find a lower bound that cannot be proved by
the adversary or polynomial method.

3.3 Relation between classical and quantum
complexity

In In this section we will show the relation between the classical complexities
D(f) and R(f) and the quantum complexities. By a well-known result, the
best randomized decision tree can be at most polynomially more efficient
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than the best deterministic decision tree: D(f) € O(R(f)?) [23, Theorem
4]. Beals, Buhrmans e.t.c using polynomial method proved that also the
quantum complexity can be at most polynomially better than the best de-
terministic tree: D(f) € O(Q2(f)%). In other words, if we can compute some
function quantumly with bounded-error using T' queries, we can compute it
classically error-free with O(T) queries. We will briefly describe the idea of
their proof in this section. To start we define blocksensitivity complexity.
Let f be a Boolean function and X = (zo,...,xy_1) an input to f. For a
set S CO0,..,N —1, X denotes the input obtained from X by flipping all
variables z;, i € S. f is sensitive to S on input X if f(X) # f(X©)).

Definition 3.23. The block sensitivity of f on input X is the mazimal
number t such that there exist t pairwise disjoint sets Sy, Si, . . ., Si_1 such
that, for all i € {0,...,t—1}, f is sensitive to S; on X. We denote it by

bSX(f).

Definition 3.24. The block sensitivity of f, bs(f) is just the mazimum
of bsx (f) over all inputs X.

For example, bs(OR) = N, because for input X = (0,0, ...,0) we can take
S; = 1, then flipping the ¢ — th bit in X changes the value of OR from 0 to 1.

Nissan in [NS 91| proved the relationship between certificate complexity
and block-sensitivity complexity.

Lemma 3.25. [NS 91] Ci(f) < C(f) < bs(f)*

Beals, Buhrman e.t.c in [BBCMW 01] using polynomial method proved
quantum lower bounds in the terms of block sensitivity.

Lemma 3.26. [BBCMW 01] If f is a Boolean function, then Qg(f) >
\/ %gf) and Q2(f) > 4/ %‘
Lemma 3.27. [BBCMW 01] D(f) < C1(f)bs(f).

Lemmas 3.25 and 3.27 imply that D(f) < bs(f)?. Combining this with
lemma 3.26 Beals e.t.c. in [BBCMW 01] obtained this result.

Theorem 3.28. [BBCMW 01] If f is a Boolean function then D(f) <
4096Q2(f)°

They also give a limitation on exact quantum query computation.

Theorem 3.29. [BBCMW 01] If f is a Boolean function then D(f) <
32Q(f)*
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Later this result was improved by Midrijanis [MI 04]
Theorem 3.30. [MI 04] If f is a Boolean function then D(f) € O(Qr(f)?)

It was an open problem whether the polynomial method is tight or not?

e~

It means whether Qg (f) = O(deg(f)) or Qa2(f) = O(deg(f))? Ambainis in
[AM 04] showed the gap between polynomial degree and quantum complex-
ity. He constructed the function f for which: deg(f) = 2¢ and Qo(f) = (2.5%).

—~——

Since deg(f) > deg(f) and Qgr(f) > Q2(f), this implies a separation both
between Qg (f) and deg(f) and between Q2(f) and deg(f)

3.3.1 Query complexity upper bounds

There is no major technique to obtain quantum query complexity upper
bounds for any problem as it is in the case of lower bounds. We just need
to provide correct quantum algorithm that solves the problem. We also
need to prove query complexity lower bounds for the problem to show that
algorithm solving this problem is optimal. In this section we briefly describe
the amplitude amplification method [BHMT 02] for getting query complexity
upper bounds, because we will use it in our proof for graph circuit problem.
The method is a generalization of Grover’s search algorithm [GR 96].

Consider a problem that is characterized by Boolean function y(z,y) in
the sense that y is a good solution to instance x if and only if y(z,y) = 1
(there could be more than one good solution to a given instance z). If we have
a probabilistic algorithm P that outputs a guess P(x) on input x, we can call
P and x repeatedly until the solution to instance x is found. If x(z, P(z)) =1
with probability p, > 0 then we expect to repeat this process 1/p, times on
the average. Consider now the case when we have a quantum algorithm A
instead of the probabilistic algorithm. Assume A makes no measurements:
instead of the classical answer it produces quantum superposition |W¥,) when
run on z. Let a, denote the probability that |¥,), if measured, is a good
solution. If we repeat the process of running A on x, measuring the output,
and applying y to check the validity of the result, we shall expect to repeat
1/a, times on the average before a solution is found. This is no better than
the classical probabilistic paradigm.

Brassard e.t.c in [BHMT 02] described a more efficient approach to the
problem which they called amplitude amplification. The probabilistic paradigm
increases the probability of success roughly by a constant. By contrast, am-
plitude amplification increases the amplitude of success roughly by a constant
on each iteration. Because amplitudes correspond to square roots of probabil-
ities, it suffices to repeat the amplitude amplification process approximately
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1/\/a, times to achieve success with overwhelming probability. Formally, in
[BHMT 02] it was proved such theorem.

Theorem 3.31. [BHMT 02] Let A be a quantum algorithm with one-sided
error and success probability at least € > 0. Then, there is a quantum algo-

rithm B that solves the same problem with success probability 2/3 by invoking
A O(2) times.

The Grover’s search algorithm and amplitude amplification method can
simplify constructing of quantum algorithms. It is well-known fact that any
classical (either deterministic or probabilistic) computation can be simulated
on a quantum computer (see [|). More precisely,

e In the circuit model, a classical circuit with N gates can be simulated
by a quantum circuit with O(NN) gates.

e In the query model (when only the number of queries is counted), a
classical computation with N queries can be simulated by a quantum
computation with N queries.

This greatly simplifies descriptions of quantum algorithms. Instead of
describing a quantum algorithm, we can describe a classical algorithm that
succeeds with some small probability e. Then, we can transform the classical
algorithm to a quantum algorithm and apply the amplitude amplification to
the quantum algorithm. The result is a quantum algorithm with the running
time or the number of queries that is O(1) times the one for the classical
algorithm with which we started. A similar reasoning can be applied, if
instead of a purely classical algorithm, we started with a classical algorithm
that involves quantum subroutines. Such algorithms can also be transformed
into quantum algorithms with the same complexity. For example we can
provide very simple upper bound for graph triangle problem.

Finding triangles problem. [SZ 03] We have n? variables describing
adjacency matrix of a graph. We would like to know if the graph contains a
triangle. The very simple quantum algorithm can be written as follows:

e choose any 3 vertices of the graph and check whether they form a
triangle;

e amplify the first step vn3 times.

If graph contains a triangle then the probability of getting correct answer
by choosing randomly any 3 graph vertices p. > 1 - 1.1 Then by theorem

n n n

3.31 we can repeat this step O(, /=) = O(v/n3) times getting probability
3

n
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> 2/3. This algorithm gives us quantum query complexity upper bounds:
Q2(f) = O(vVn3) (as we make constant number of oracle query in the first
step of algorithm). In [SZ 03] it was proved better upper bound: O(n'?).
It’s easy to see that adversary methods can not give us a better lower bound
then v/n2, because certificate complexity Cy = O(n?) (if there is now triangle
in the graph we need to check all edges), but C; = 3 (if there is a triangle,
we just need to check the three edges, that form a triangle). It is an open
problem to improve lower bounds for this problem, reducing the gap between
upper and lower bound.

Similarly we can obtain upper bounds for graph rectangle problem.

Finding rectangle problem. We have n? variables describing ad-
jacency matrix of a graph. We would like to know if the graph contains a
rectangle. The quantum algorithm can be written as follows:

e choose any 2 vertices 7, j of the graph;

e with 2 Grover’s searches find vertices k, [ that are connected with both
1 and 7;

e amplify the first 2 steps vn? = n times.

If graph contains a rectangle then the probability of getting correct answer

by choosing randomly any 2 graph vertices p. > % . % Then by theorem 3.31

we can repeat this step O(, /4-) = O(v/n?) = O(n) times getting probability
2

n

> 2/3. This algorithm gives us quantum query complexity upper bounds:
Q2(f) = O(v/n3) (as we make 2 Grovers searches on n elements in the second
step of the algorithm). It’s easy to see that adversary methods can not give us
a better lower bound then v/n2, because (as for triangle problem) certificate
complexity Cy = O(n?) (if there is now rectangle in the graph we need to
check all edges), but C; = 4 (if there is a rectangle, we just need to check
the 4 edges, that form a triangle).

We can not use similar proofs to obtain upper bounds for the problem
whether graph contains cycle of length k for some fixed k. So it is still open
problem. In the next section we consider the graph cycle problem, providing
an algorithm solving this problem. We also prove that these algorithm is
optimal.
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3.4 Graph cycle problem. Algorithm. Lower
bounds.

Let G be an undirected graph with N vertices. We are interested to know
whether graph contains any cycle? In this section we provide a quantum
algorithm solving this problem and then show that this algorithm is optimal
using adversary lower bound technique.

Graph cycle problem.

INSTANCE: Undirected graph G = (V, E), |E| = n, represented by
adjacency matrix A = (a;;), where

G — 1,if there is edge between i-th and j-th vertices
Y1 0,otherwise

QUESTION: Is there exists any circuit in this graph G?

In other words we have boolean function fg : {0,1}" — {0,1} (where
N = n?) that outputs 1 if there is any cycle in the graph G representing by
its adjacency matrix.

It is easy to see that query complexity of classical algorithm is O(n?)
(indeed, in the worst case we need to query (n?—n) elements of the adjacency
matrix if there is no triangle in the graph). We will prove the complexity
of quantum algorithm that is better than in classical case. The quantum
algorithm that solves the problem uses such lemma.

Lemma 3.32. If the number of edges in the undirected graph with n vertices
18 greater or equal with n then the graph contains cycle.

Proof. Lets the graph is connected, thats it, from every vertex there exists
path to another vertex. Assume from the contrary, that there is no cycle in
the graph containing > n vertices. As we can reach any vertex from another
then there is spanning tree 7' containing all vertices of the graph (see fig.
3.1). There are (n-1) edges in the spanning tree, because each edge can be
inside the tree only once. As the number of edges in the graph is > n, then
exists at least 2 vertices a; un a; connected with edge e, that does not belong
to tree T'. It means that exist at least 2 different ways how to reach vertex
a; from the vertex a;: by the edge e or by the path inside the tree T (see
pict. 3.1). Then there is a cycle in the graph, containing vertices a; and
a;. If the graph is not connected, then it can be split into m connected
subgraphs each containing vy, ve, ..., v, vertices. Then exists subgraph in
which the number of edges e; is greater or equal with the number of vertices.
(Otherwise, Z 5 < Zvi = n). Then this subgraph contains a cycle. O]

i<m i<m
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dj
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E

Figure 3.1: Spanning Tree. Additional edge a,a; makes cycle

We provide quantum algorithm solving the problem 3.4 with bounded-
error making O(v/n?) oracle queries.
Algorithm (FCYCLE(G,(a;;)).

1. Fix some k = 1, that denotes current row of the adjacency matrix we
are working on. Fix [ = 1, the starting column in the k-th row from
which we shall begin quantum search for 1 in this row. Fix M = 0 -
the number of founded edges.

2. Take the k-th row of the adjacency matrix. Run Grover’s search algo-
rithm to find such j > [ that ay; = 1. If Grover’s search finds such j
then go to step 3. Otherwise, increase k by 1 (thats it, take next row of
the adjacency matrix). If £ > n then go to step 4. Otherwise, set [ to
k, because the graph is undirected and we do not need to search in the
first k elements of the k-th row in graph’s adjacency matrix. Repeat
the 2-nd step.

3. Remember the pair (k, j) and increase M by 1. If M > n, then output
1 and finish the computation. If m < n, tad set [ to 7 and go to step 2
(search another 1 in the k-th row).

4. Run classical deterministic algorithm finding cycle on all pairs (k, j)
(founded edges) remembered in the previous steps. The output of our
algorithm equals with the output of this deterministic algorithm.

Note that algorithm not only detects whether graph contains a cycle or
not, but it also provides a set of edges containing cycle, if there is cycle in
the graph.

Correctness of the algorithm

We sequently find edges of the graph in the steps 2 and 3 of the Algorithm.
We stop either we have found n-th edge or we have gone through all n rows
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of the adjacency matrix. If we have found n-th edge, then by lemma 3.32
graph contains cycle and we output 1. If we have found all edges and their
count is less than n then we output correct answer just running deterministic
algorithm on all founded edges.

Query complexity of the algorithm

We are interested in how many oracle questions about (a;;) elements does
the algorithm make. We are going to prove that Qa(f,) = O(v/n3). The 2-
nd step of the Algorithm (where Grover’s search is run) is computed < 2n
times, because each founded edge corresponds to one Grover’s search, and one
Grover’s search is computed for each row, when there is no more 1-s(edges)
in the row. In each Grover’s search we make O(y/n) queries, because input
size is < n for each Grover’s search. Then the overall query complexity of
the algorithm is O(n+/n).

As we can see the quantum query algorithm complexity for graph cycle
problem is O(\/ﬁ), because we provide algorithm that solves the problem
with such number of queries. To prove that this algorithm is optimal we need
to prove that complexity lower bound is also O(\/F) We can prove weaker
lower bound, using theorem 3.11.

Theorem 3.33. Quantum query algorithm, that solves graph cycle problem,
needs to make Q)(n) queries.

Proof. We will use theorem 3.11 to prove lower bounds. Lets make set X
and Y in such way: the set X contains all spanning trees of the graph (see
fig. 3.2). Then f(X) = 0. The set Y consists of all graphs that are made
from spanning tree by adding one additional edge (see fig. 3.3). By lemma
3.32 f(Y)=1.

Figure 3.2: Instances of the set Figure 3.3: Instances of the set
X Y

For each z € X there are m = C2 = "1 — O(n?) different y € V
such that y differs from z in one bit. Indeed, we can add additional edge
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to the spanning tree by choosing any two vertices of the graph. For each
y € Y there are O(1) different € X such that z differs from y in one bit,
because we obtain z from y by removing one of the edges in the cycle of the
graph y. Note that there are such y from whom we can obtain x in O(n)
ways(if the length of the cycle is close to n), but for the graph with a short
cycle, we do not have much possibilities to remove an edge. Then by theorem
3.11 quantum algorithm solving the problem makes Q(v/n2) queries to the
oracle. O

As we can see the unweighted adversary method is not very useful for
proving lower bounds for the graph cycle problem. We shall use weighted
adversary method to improve lower bound.

Theorem 3.34. Quantum query algorithm, that solves graph cycle problem,
needs to make Q(vn?3) queries.

Proof. We will construct sets X and Y in such way to apply theorem 3.17.
Let the set X consists of all such graphs, that are obtained from the graphs
with the cycle of length n by removing one edge from it (see fig. 3.4). The
set Y consists of all such graphs, that are obtained from the graph with 2
cycles, each of length between n/3 and 2n/3 by removing one random edge
from one of the cycles (see fig. 3.5). The relation R = X x Y consists of
such graph pairs (z,y) that only difference between = and y is: there are for
4 vertices a, b, c,d such that edges (a,b) and (c,d) are in the graph z, but
not in y, and vice a versa: edges (a,c) and (b, d) are in the graph y, but not
in z (see fig. 3.34). The weight scheme for X, Y, R is given as follows:

1
v

for all (z,y) € R, (i,7) € [n?] and x;; # yi; ( @;; denotes an element of
the graph’s adjacency matrix). Its easy to see that weight scheme is correct,

because \/ﬁ% > w(z,y) =1

W, = Z w(x,y) = O(n?), because there are O(n?) such y € Y, that
y:(z,y)ER
(x,y) € R. Indeed, we have (n — 2) possibilities to choose edge (a,b) and
then n/3 possibilities to choose the second edge (¢, d). w, = Z w(z,y) =
z:(z,y)ER

O(n?), because there O(n?) such =, that (z,y) € R. We need to remove two
edges, each edge from the each of the two cycles in the graph y, then we have
O(n?) possibilities to choose these edges, because the length of each cycle is
greater or equal than n/3.

w(w,y) = 1,U(l',y, (Z,])) = \/ﬁ,@(iﬂ,y, (Z>]>> =
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Figure 3.4: Instances of the set Figure 3.5: Instances of the set
X Y

u%(m) == Z U(JJ, Y, (Zv.])> =

YY) ERT(4,5)EY (i, 5)

= Z U(ZL‘,y, (l,j)) + Z u(x,y, (Zaj))

y:(@,y)ER (s 5y =0&y(; ;=1 yi(@y)eRa(i ) =1&y i ;=0
Y u(z,y, (i, 7)) = 4v/n
yi(z,y)ERx (s 5)=0&y(; j)=1

, because if there is no edge between i-th and j-th vertices in the graph =z,
but this edge is in the graph y, then these are vertices a, ¢ (or vertices b and
d). Then we have only 4 possibilities to choose neighbors of these vertices
(the vertex b is the neighbor of the vertex a and vertex d is the neighbor of
the vertex c).

>, u(z,y, (i,§)) = O(nv/n)

, because the edge (i, 7) is the edge (a,b) (or (¢, d) edge) and we have O(n)
possibilities to remove from the graph the edge (¢, d) (or the edge (a,b) re-
spectively), because the length of the cycle is at least n/3. Similarly:

) ol (0,)) = 4/v/n
z:(z,y) € Ry (s, =0&x (; jy =1

, and

) o(x.9.(i.4)) = O(n/v/n).

m:(a:,y)GRvy(i,j)zl&x(i,j)zo
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Then the lower bound for the graph cycle problem is:

. Wy Wy
min _ =
(@ y)ER €M 2 (i ) #Y(i5) Wa,(3,5) Vy,(i,5)

W W,y ) W Wy

min ~ min _ ~ min —) =
(zy)ERi€[N?]2 (i, ) =0&y(i j)=0 Ug (i,5)Vy,(i,j) (@y)ERIEM ]z 5)=1&y(i j)=1 Uz (i,5) Vy,(i,5)

n2n? n2n?
\/ min( 72w =

G ) = /)
. Then, by theorem 3.17 Q,(f) = Q(v/n3). O




Chapter 4

Probabilistic reversible
automata

Probabilistic reversible automata (PRA) were introduced by M. Golovkins
and M. Kravtsev in [GK 02] as probabilistic automata which transformation
is determined by doubly stochastic operators. In case of one-way automata
that means that for each letter of working alphabet the transition matrix is
doubly stochastic. This model is a probabilistic counterpart for Nayaks model
of enhanced quantum automata. M.Golovkins and M.Kravtsev in [GK 02]
and later M. Beadry e.t.c in [ABGKMT 06] proved the class of languages rec-
ognizable by PRA. In this thesis we address another type of PRA, i.e., the
DH-PRA merely defined in [GK 02], that behave more like measure-many
quantum automata [KW 97], as they halt when entering accepting or reject-
ing states. We show a general class of regular languages, not recognizable
by DH-PRA. This class is identical to a class not recognizable by MM-QFA
[AKV 01] (and similar to the class of languages, not recognizable by C-PRA
[GK 02]. We also prove that the class of languages recognizable by DH-PRA
is not closed under union. The one open problem still remains: we show
the class of languages for which we can not prove whether it is recognizable
by DH-PRA or not. So we still unable to prove or disprove that class of
languages recognizable by DH-PRA is likely to include the one recognizable
by MM-QFA or these classes are equal.

4.1 1-way Probabilistic Reversible Automata

In this section we give formal definition of 1-way PRA

Definition 4.1. I-way probabilistic reversible C-automaton (C-PRA)
A= (Q,%,q,Qr,0) is specified by a finite set of states Q, a finite input

53
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alphabet 32, an initial state qo € Q, a set of accepting states Qr C @, and a
transition function
5ZQXFXQ—>R[071],

where T' = X U {#,$} is the input tape alphabet of A and #, $ are end-
markers not in Y. Furthermore, transition function satisfies the following
requirements:

V(Qh(ﬁ) e@@xT 25@1,01&):1 (4'1)
q€Q

V(g,00) €QxT > 8(q.00,q1) =1 (4.2)
qeQ

For every input symbol ¢ € T, the transition function may be determined
by a |@Q| x |Q] matrix V,, where (V;);; = d(g;, 0, ¢:).

Lemma 4.2. All matrices V, are doubly stochastic iff conditions (4.1) and
(4.2) of Definition 4.1 hold.

Proof. Trivial. O

A linear operator U, corresponds to the automaton A. Formal definition
of this operator follows:

Definition 4.3. Given a configuration ¢ = (v;q;ovy),

Usc = Z (g5, 0,q)(vioquy,).

q€Q
Given a superposition of configurations ¥ = Y pec,
ceC
Uath = ZPCUAC'
ceC

Using canonical basis, Uy, is described by an infinite matrix M.
To comply with Definition 2.22, we have to state the following:

Lemma 4.4. Matriz M, is doubly stochastic iff conditions (4.1) and (4.2)
of Definition 4.1 hold.

Proof. Condition (4.1) takes place if and only if the sum of elements in every
column in M4 equal to 1. Condition (4.2) takes place if and only if the sum
of elements in every row in M4 equal to 1. m

This completes our formal definition of 1-way PRA.
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4.2 1-way Probabilistic Reversible C Automata

In this section we give formal definition of C-PRA automata. And briefly
describe the results from [GK 02] and [ABGKMT 06] because they are of
high importance for us. We will further refer to them proving our theorems
for the DH-PRA automata.

4.2.1 Definition

For a definition 2.22 we define word acceptance as specified in Definition 2.17.
The set of rejecting states is @ \ Qr. We define language recognition as in
Definition 2.20. That completes formal definition of 1-way C-PRA automata.

4.2.2 Closure properties

Lemma 4.5. If a language is recognized by a C-PRA A with interval (py, p2),
exists a C-PRA which recognizes the language with probability p, where

b= pl%ﬁ; ?fpl +p2>1

2—p1—p2’ prl +p2 < 1.
Theorem 4.6. If a language is recognized by a C-PRA, it is recognized by
C-PRA with probability 1 — €.

Lemma 4.7. If a language Ly is recognizable with probability greater than
% and a language Lo 1s recognizable with probability greater than % then lan-
gquages Ly N Ly and Ly U Ly are recognizable with probability greater than
1

5.

Theorem 4.8. The class of languages recognized by C-PRA is closed under
intersection, union and complement.

Theorem 4.9. The class of languages recognized by C-PRA is closed under
tnverse homomorphisms.

Corollary 4.10. The class of languages recognized by C-PRA is closed under
word quotient.

Separate question regarding necessity of end-markers is considered in
[GK 02]. It has been proven that C-PRA automata without end-markers
recognize the same class of languages as C-PRA automata with both end-
markers. Thus if C-PRA without end-markers are considered, closure under
word quotient remains true.
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Theorem 4.11. For every natural positive n, a language L,, = ajas...a} s
recognizable by some C-PRA with alphabet {ay,as, ..., a,}.

Corollary 4.12. Quantum finite automata with mized states (model of Nayak,
[N 99]) recognize L, = ajal...a} with probability 1 — ¢.

Proof. This comes from the fact, that matrices V,,,V,,,...,V,, from the
proof of Theorem 4.11 all have unitary prototypes (see Definition 2.12). [

4.2.3 Languages not recognizable by C-PRA

In this section we will show the results obtained from [GK 02], that regular
languages which minimal deterministic automaton contain certain forbidden
constructions can not be recognizable by 1-way C-PRA. We start by defini-
tion of these ”forbidden” constructions.

Definition 4.13. We say that a regular language is of Type O (Figure 4.1)
if the following is true for the minimal deterministic automaton recognizing
this language: Fxist three states q, q1, q2, exist words x, y such that
1) q1 # @o;

2) qr = q1, qy = @;

3) T = q1, QY = qo;
4) vt € (z,y)" It € (2,9)" aitt = qi;
5) Vt € (x,y)* Ity € (x,y)* gatta = qo.

Figure 4.1: Type 0 construction
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Definition 4.14. We say that a regular language is of Type 1 (Figure 4.2)
if the following is true for the minimal deterministic automaton recognizing
this language: Fxist two states q1, q2, exist words x, y such that

1) @1 # g

2) 1T = G2, T = @o;

3) @2y =q1.
Definition 4.15. We say that a regular language is of Type 2 (Figure 4.3)
if the following is true for the minimal deterministic automaton recognizing
this language: Fxist three states q, q1, g2, exist words x, y such that

1) 1 # qo;

2) qr = q1, qy = q2;

3) T = q1, QY= q;
4) @1 = @2, @Y = G

o

Figure 4.2: Type 1 construc-

tion )
Figure 4.3: Type 2 construc-

tion

Type 1 languages are exactly those languages that violate the partial
order condition of [BP 99].

The following two theorems illustrate the relationship between Type 0,
Type 1 and Type 2 languages.

Theorem 4.16. A reqular language is of Type O iff it is of Type 1 or Type
2.

Theorem 4.17. A reqular language L is of Type 1 iff L is of Type 2.

Remark 4.18. Both C-DRA and C-QFA-P (see Section 5) recognize exactly
the regular languages for which the corresponding minimal deterministic fi-
nite automata do not contain the following construction ([HS 66, BP 99]),
denoted henceforth as Type A construction (Figure 4.4): Exist two states ¢,
¢, exist words x, y such that

1) ¢ # g0

2) 1T = G2, (T = .
Similarly as in Theorem 4.17, it is possible to demonstrate that a regular

language L is of Type A if and only if the language L% is of Type A.
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Figure 4.4: Type A construction

M.Golovkins and M. Kravtsev in [GK 02] proved that every language of
Type 0 is not recognizable by any C-PRA. We give the complete proof from
their work [GK 02], because this proof is very helpful for understanding our
results for DH-PRA.

Definition 4.19. By q 2, q, S C X*, we denote that there is a positive
probability to get to a state ¢’ by reading a single word & € S, starting in a
state q.

Lemma 4.20. If a reqular language is of Type 2, it is not recognizable by
any C-PRA.

Proof. Assume from the contrary, that A is a C-PRA automaton which rec-
ognizes a language L C ¥* of Type 2.

Since L is of Type 2, it is recognized by a minimal deterministic automa-
ton D with particular three states ¢, ¢qi1, g2 such that ¢ # ¢, qr = ¢,
Y = q@2, QT = q1, Y = q1, ©T = G2, @Y = G2, Where x,y € X*. Further-
more, exists w € X* such that gow = ¢, where ¢q is an initial state of D, and
exists a word z € ¥*, such that ¢12 = gu if and only if ¢z = g,;, where
Qacc 18 an accepting state and ¢,.; is a rejecting state of D. Without loss of
generality we assume that ¢12 = guec and @22 = gye;-

The transition function of the automaton A is determined by doubly
stochastic matrices V;,,...,V,, . The words from the construction of Type
2are x = 0y, ...0;5 and y = 0y, ...0j,. The transitions induced by words
x and y are determined by doubly stochastic matrices X = V5, ...V, and
Y = V...V, . Similarly, the transitions induced by words w and z are
determined by doubly stochastic matrices W and Z. By Corollary 2.45,
exists K > 0, such that

Vi (X%);; > 0and (Y¥);; > 0. (4.3)

Consider a relatlon between the states of the automaton defined as R =
{(gi ;) | CIz' vy qj} By (4.3), this relation is reflexive.
Suppose exists a word &€ = £&y ... &, & € {2%,y®}, such that ¢ ELIN q.

This means that ¢ N Qivy Qi =, Qigse -+ i, LY q'. By Corollary 2.47,



CHAPTER 4. PROBABILISTIC REVERSIBLE AUTOMATA 99

since both X% and Y¥ are doubly stochastic, 3¢;,... &, & € {(z%)*, (v*)*},

/

such that ¢ E—> Qin_ 1o Qs — Qiys Qi §—> q, therefore ¢’ £, q, where
¢ € (%, y™)*. So the relation R is symmetric.

Surely R is transitive. Therefore all states of A may be partitioned into
equivalence classes [qo, [¢i,],---,[g,]- Let us renumber the states of A in
such a way, that states from one equivalence class have consecutive numbers.
First come the states in [go], then in [g;,], etc.

Consider the word 2%y . The transition induced by this word is deter-
mined by a doubly stochastic matrix C' = YX X%, We prove the following
proposition. States ¢, and g, are in one equivalence class if and only if ¢, — ¢,
with matrix C. Suppose ¢, — ¢,. Then (q.,q) € R, and q,, g, are in one
equivalence class. Suppose q,, ¢, are in one equivalence class. Then

3 &2 3
Ga —1> qzm qh — QZ27 “e e 7Qik,1 —k> db, Where 58 € {$K7yK}' (44)

K K K K, K
By (4.3), ¢; — ¢ and g; LA q;. Therefore, if ¢; —— q;, then ¢ Y q;, and
again, if ¢; AN q;, then ¢ =ty ¢;- That transforms (4.4) to
(X y ")t
o — qp, wheret > 0. (4.5)
We have proved the proposition.

By the proved proposition, due to the renumbering of states, matrix C'
is a block diagonal matrix, where each block corresponds to an equivalence
class of the relation R. Let us identify these blocks as Cy, C4,...,C,. By
(4.3), a Markov chain with matrix C is aperiodic. Therefore each block C,
corresponds to an aperiodic irreducible doubly stochastic Markov chain with
states [g;.]. By Corollary 2.43, 7&1_1}1;0 C™ = J, J is a block diagonal matrix,

K%

where for each (pxp) block C, (C,);,; = ]l). Relation ¢; ARA ¢; is a subrelation
of R, therefore Y¥ is a block diagonal matrix with the same block ordering
and sizes as C' and J. (This does not eliminate possibility that some block
of YK is constituted of smaller blocks, however.) Therefore JY X = J, and
lim Z(YEXE)ym)y = hm Z(YKXK)mYKW ZJW. So

Ve >0 Im H (Z(YKXK)’“W - Z(YKXK)mYKW> QOH <e (46)

However, by construction of Type 2, Vk Vm w(z*y*)"2 € L and wy*(x*y*)mz ¢
L. This requires existence of € > 0, such that

Vm H (Z(YKXK)mW - Z(YKXK)mYKW> QOH > e (4.7)

This is a contradiction. O
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Lemma 4.21. If a reqular language is of Type 1, it is not recognizable by
any C-PRA.

Proof. Proof is nearly identical to that of Lemma 4.20.

Consider a C-PRA which recognizes the language L of Type 1. We prove
that for words x, y exists constant K, such that for every ¢ exists m, such that
for two words & = w(z® (zy)® )™z and & = w(z® (zy)X)™aX 2, |pe, —pe,| < €.

We denote The transition function of the automaton A is determined by
doubly stochastic matrices V,,,...,V, . The words from the construction of
Type 2 are x = 0y, ...05, and y = 0, ...0;,. The transitions induced by
words = and y are determined by doubly stochastic matrices X = V5, ...V,
and Y =V, ... V5, . Similarly, the transitions induced by words w and z are
determined by doubly stochastic matrices W and Z.

By Corollary 2.45 we can select such K that X5 > 0 and (YX)X > 0
for every i. Matrix C' = (Y X)X XX corresponds to reading of x®(zy)X.
We consider a relation between the states of the automaton defined as R =

xK T K% . . o e .
{(gi:05) | 4 L) ¢;}. This relation by Corollary 2.50 divides states into
equivalence classes.
LL‘K * :EK *
q sald ¢ is subrelation of R. To show that rewrite ¢ ) ¢’ as sequence
=K =K =K zy) K
q— Qirs - Gin_y — Qir_1» G, — q'- As K selected so that g; e, q; for
CL‘K X K
any j then we can substitute 2% with 2% (zy)X at each step ¢ =) Qiyse - -
ok (zy) K K (@)X, . (¥ (@y)®)*
TGr s — Qi1 G, — ¢,gettingqg  — " ¢. Thus ¢; and ¢; are

in one equivalence class in respect to R.

Due to the renumbering of states, matrix C' is a block diagonal ma-
trix, where each block corresponds to an equivalence class of the relation
R. Let us identify these blocks as Cy, (Y, ...,C,. By (4.3), a Markov chain
with matrix C is aperiodic. Therefore each block C) corresponds to an
aperiodic irreducible doubly stochastic Markov chain with states [g;,]. By
Corollary 2.43, lim C™ = J, J is a block diagonal matrix, where for each

(p x p) block C, (C.);; = %. As relation ¢; Sl ¢; is a subrelation of R,
therefore XX is a block diagonal matrix with the same block ordering and
sizes as C' and J. (This does not eliminate possibility that some block of
XK is constituted of smaller blocks, however.) Therefore JXX = J, and
nlli_r)noo ZXE(YX)EXEYym)y = T&l_rgo Z(YX)KXEY"W = ZJW.

So

Ve > 03m H <Z(XK((YX)KXK)mW - Z((YX)KXK)mW) QOH <e (4.8)
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However, by construction of Type 1, we can select z such that w(z* (zy)*)m2% > €
L and w(z*(zy)*))™2 ¢ L. This requires existence of € > 0, such that

Vm H (ZXK((YX)KXK)mW - Z((YX)KXK)mW>Q0 Se (4.9)

This is a contradiction.
O]

Theorem 4.22. If a regular language is of Type 0, it is not recognizable by
any C-PRA.

Proof. By Lemmas 4.16, 4.20, 4.21. m

It can be easily noticed, that the Type 0 construction is a generaliza-
tion of construction proposed by [AKV 01]. (Constructions of [BP 99] and
[AKV 01] characterize languages, not recognized by measure-many quantum
finite automata of [KW 97].)

Corollary 4.23. Languages (a,b)*a and a(a,b)* are not recognized by C-
PRA.

Proof. Both languages are of Type 0. [

Corollary 4.24. Class of languages recognizable by C-PRA is not closed
under homomorphisms.

Finally in [ABGKMT 06] it was proved the general class of languages
recognizable by C-PRA automata.

Theorem 4.25. The classes of languages recognizable by C-PRA and C-QFA-M
are equal and coincide with the all reqular languages but languages which min-
imal deterministic automaton contains forbidden constructions of Type 0.

4.3 1-way Probabilistic Reversible DH Au-
tomata

4.3.1 Definition

Taken the definition 2.22 of Probabilistic Reversible automata we define word
acceptance as specified in Definition 2.16. The set of accepting states is Qp
and set of rejecting states is () \ Qr, these states are halting. We define
language recognition as in Definition 2.20. That completes formal definition
of 1-way DH-PRA automata.
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We can formulate Decide and Halt acceptance for classical automaton in
an equivalent form of classical acceptance. Instead of halting once reaching
the halting state we can consider that automaton continues to read input till
the end of but remain in the same halting state.

We can see that transition matrixes V,, are not doubly stochastic any-
more, but for some V,, we can enumerate states of DH-PRA in such way
that :

1. q1 ... q are states, from which halting states are not accessible

2. Qi1 --- Qn—; are non-halting states from which halting states are acces-
sible,

3. Qn_iy1 --- Qo are halting states

k{pst O O
Then the structure of transition matrix V;, will look so: O a;; O
{O Q5 1

where

e DST - doubly stochastic matrix,

e | - unit matrix,

o Vi+1<j<n-—1:) a; =1 (it’s still stochastic)
i=1

n
e Vk+1<i<n-—1:) a;; <=1 (as originated from double stochastic
j=1
matrix where sum in each row is one)

According to definitions 2.32 states qxy1 ... ¢, are transient and states
q1 - qx and ¢p_j11 ... @, are recurrent, with ¢, ;.1 ... g, being absorbing
for Markov chain induced by transitions V,,. Note that for different letters
of the alphabet o, the numbering of non halting states will be different.

Let us call matrix of such type DH-stochastic matrix.

Lemma 4.26. Let A a k x m matriz such that m < k, where the sum of
elements in any column is one, and the sum of elements in any row is less
or equal than one. Then exists a k X (k —m) matriz B, such that (A B) is
doubly stochastic.
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[
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Proof. Let s; the sum of elements of the i-th row of A. Let B =

=
= .

1-—s
k=m 'k
k— w Si
Now the sum of elements in any column of B is —=— = 1. Hence (A B) is
stochastic. The sum of the i-th row of (A B) is s; + (k — m):=% = 1. Hence
(A B) is doubly stochastic. O O

Theorem 4.27. A stochastic matrixz S is DH-stochastic, iff exists a per-
D 0

0
mutation P such that PSPT = 0 A O |, where D is a k X k doubly
0 B I

stochastic matrixz with k > 0, A - 1 X | matriz with [ > 0, I - m X m unit
matriz with m > 0, and the sum of elements in any row in the matrices A
and B s less or equal than one.

Proof. To prove the theorem, it is sufficient to show that any matrix of

D 0 0
the form 0 A 0 |, specified in the theorem, can be obtained from
0 B I
a doubly stochastic matrix. This indeed holds, since by Lemma 4.26, the
D 0
matrix 0 A can be complemented with new columns to obtain a
0 B
doubly stochastic matrix. l

Certainly transformation that corresponds to the reading of a sequence
of letters also is described by a DH-stochastic matrix.

Lemma 4.28. For any og,0: € X: V,_ - V,, - 1s also DH-stochastic matrix.

Proof. Follows from the matrix manipulation. To show that for states from
which halting states are not accessible the matrix is double stochastic observe
that no sum in the row can exceed 1 still and also can not be less then 1 as
otherwise summing by rows and columns would give different results. O

Note that the transient states in V,, - V,;, may be different from the tran-
sient states in V,, and in V/,.

4.3.2 On Class of languages recognizable by 1-way DH-
PRA

To prove forbidden constructions for DH-PRA we need to consider the be-
havior of the Markov chain induced by transition V, in long run.
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Before looking at forbidden constructions for DH-PRA we need to exam-
ine how accessibility property stands for Markov chains with DH-stochastic
matrixes and also how it changes if we consider several letters.

Obviously for recurrent states of DH-stochastic Markov chain it is still
true that accessibility is class property by Lemma 2.50, that will be used
without any further references in the proof of the main theorem of this sec-
tion.

Theorem 4.29. Given Markov chains with DH-stochastic matrizes A and B,
there exists K such that for Markov chain with matriz A® BX the following
holds:

A. any transient state with respect to A or B is transient for AKX BX;

B. for any two recurrent states q1 and qo that are in the same equivalence
class regarding accessibility in A, either both are transient for AKX BX or both
are recurrent and in the same equivalence class for AX BX;

C. for any two recurrent states q; and qo thal are in the same equivalence
class regarding accessibility in B, either both are transient for AX BX or both
are recurrent and in the same equivalence class for AK BX.

Proof. We take K to be

e K > n, where n is a number of states;

e K is a multiple of K7 * n where (A%1);; > 0 for all recurrent states of
A;

e K is a multiple of Ky * n where (B%2);; > 0 for all recurrent states in
B.

Recurrent states in A and B in general could be different. We can select
such K; and Ky by Corollary 2.45. We selected K to satisfy the conditions
of Lemma 2.48 for both A and B.

For any transient state ¢ of any DH-stochastic matrix D of size n there

K
is some absorbing state ¢’ such that ¢ o, ¢ (will be accessible by DX in 1
step). For any absorbing state ¢’ it holds ¢’ L, q'. For any states ¢, ¢2 and

g3 and DH-stochastic matrixes C and D, ¢ <, 42, G2 L, e LACA qs.

A. If a state ¢ is transient for B, an absorbing state ¢’ exists such that
BE AK . . AKBK
g — ¢, s0q¢ — ¢ implies ¢ — (.

K
Assume a state ¢ is transient for A but recurrent for B. As ¢ 5, g and
K KK
some absorbing state ¢’ exists such that ¢ A7, ¢, then again ¢ AT q.
B. Let ¢; be transient for AX BX we need to prove that ¢ is transient

for AKX BE.
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a) if g is transient for BX then there is an absorbing state ¢ such that

K K
¢ 2= ¢ and thus ¢y is transient for AX B since ¢ 2 ¢

K K KpK
b) if g is recurrent for BX then ¢ 5, g2 and as ¢ A7 q1, then ¢ ATB Q.

Hence ¢, is transient for A% B¥.
Let ¢; and ¢o be recurrent for A% BX:
. K BE AK AEBK
a) Assume ¢ is recurrent for B® | as ¢ — ¢; and ¢ — ¢o we get ¢ —
@2, thus they are in the same equivalence class.

b) Assume ¢ is transient for BX, then there is some absorbing state ¢’ such

BK . , AEK . . K DK .
that ¢ — ¢ and since ¢ — ¢/, ¢ is transient for A™ B*, leading to
contradiction.
C. The case is not identical with B as matrices multiplication is not
commutative.
Let ¢; be transient for AKX BX, we need to prove that ¢, is transient for
AKX BE,
a) Assume ¢ is transient for A%, then there is some absorbing state ¢’ such
AKX BK . . KpK
that ¢ — ¢'. So g — ¢ implies s " — (.
K K
b) Assume ¢, is recurrent for A% ¢ A7 q1. As ¢ 5, q1 it follows that
K pK
¢ =2 ¢, and therefore gy is transient for AKX BK.

Let ¢; and ¢o be recurrent for AX BX.
K K
a) Assume ¢y is recurrent for AX. Since ¢ L, g2 and ¢ 4 q2, we get
K pK
1 ATB 2, therefore they are in the same equivalence class for AX BE.
b) Assume ¢ is transient for AX. Then exists an absorbing state ¢’ such that

K K KnpK
0 A q,so q 5, ¢» implies ¢ ATB ¢ and thus ¢; is transient for AX B¥
leading to contradiction. Il

The subsequent lemma and corollary illustrate Theorem 4.29 in terms of
transition matrices:

Lemma 4.30. Given a DH-stochastic matriz A, there exists K such that

D0 0
lim AK™ = 0 0 0 |, where D" is a block diagonal k, x k, matriz

such that each block is a doubly stochastic matriz with every element equal

to kii, where k; is the size of the block.

Proof. Take K such that AlKZ > ( for all recurrent states (possible by Lemma
2.44). Rows filled entirely by zeros correspond to transient states. As non-
halting recurrent states in AX form a doubly stochastic matrix then they
can be split into equivalence classes with respect to communication property
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(Lemma 2.50) and each block diagonal submatrix corresponds to states in one

equivalence class. Values in these submatrices are determined by Corollary
2.43. ] O

Corollary 4.31. Given DH-stochastic matrices A and B, there exists K
such that

D 0 0
A lim (AEBEY*=J=1 0 0 0 |, where D is a block diagonal ks X ki,
o 0 R I

s < r, matriz such that each block is a doubly stochastic matrix with every

element equal to %, where k; 1s the size of the block.

B. AKJ =J.
D 0 0
C.JAK = 0 0 0
0 R I

Proof. Follows directly from Theorem 4.29 and Lemma 4.30 if we observe
the structure of the matrix for A and B. Difference between items B and C
is that if we apply AX first we can get some different probability distribution
for halting states, however if we apply AX after J then it is the same as to
apply J. N ]

Definition 4.32. By g 5, q, S C ¥*, we denote that there is a positive
probability to get to a state ¢’ by reading a single word & € S, starting in a
state q.

Now we are ready to show the class of languages recognized by DH-PRA.

It is easy to see that the class of languages recognized by C-PRA is a
proper subclass of languages recognized by DH-PRA. Indeed, by [FGK 04],
we may assume that C-PRA does not use any end-markers. Given a C-
PRA A, for any final state ¢; add an accepting halting state ¢!, and for
any non-final state ¢;, add a rejecting halting state q?. Add the final end-
marker $ with transitions ¢;$ = ¢, ¢/'$ = ¢, ¢;$ = ¢}, ¢}'$ = ¢;. Vi is doubly
stochastic. The addition of end-marker ensures that any input word accepted
(rejected) by A is also accepted (rejected) by the DH-PRA with the same
probability.

There exist languages recognized by DH-PRA, and not recognized by
C-PRA.

Example 4.33. The language a(a,b)* known not to be recognizable by C-
PRA is recognizable by DH-PRA.

In this section we will prove that regular languages which minimal de-
terministic automaton contain certain forbidden constructions can not be
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Zy i Z2 Z} Z2

Figure 4.5: Type 3 construction

recognizable by 1-way DH-PRA. We start by definition of these ”forbidden”
constructions, that are quite similar to ones defined for C-PRA.

First class of languages to be considered will be Type 1 described in
C-PRA section (see Figure 4.2).

Second class will be a modification of Type 2.

Definition 4.34. We say that a regular language is of Type 3 (Figure 4.5)
if a reqular language is of Type 2 and additional conditions hold for states

q1; 42-
There exist 2 words z; and zy such that

1. reading of z, when being in q1 leads to accepting state and reading zy
when being in qo leads to not accepting state;

2. reading of zo when being in qo leads to accepting state and reading zo
when being in q, leads to not accepting state.

Theorem 4.35. If a reqular language is of Type 3 then it is not recognizable
by any DH-PRA.

Proof. Assume from the contrary, that A is a DH-PRA automaton which
recognizes a language L C ¥* of Type 3.

Since L is of Type 3, it is recognized by a minimal deterministic automa-
ton D with particular three states ¢, ¢, ¢2 such that ¢ # q2, qx = ¢,
Y = G2, @T = q1, Q1Y = q1, ©T = G2, @Y = G2, where x,y € ¥*. Further-
more, there exists w € X* such that qow = ¢, where ¢ is an initial state of D,
and there exist words z; € ¥*, z5 € X*, such that ¢,2; = qéca and q 20 = Q71‘ej7
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21 = Gy and 2z = ¢4, Where q,.., q5.. are final states and ¢, ¢7,; are
non-final states of D.

The transition function of the automaton A is determined by DH-stochastic
matrices V,,,...,V,, . The words from the construction of Type 3 are x =
oi, ...0; and y = 0y, ...0,,. The transitions induced by words z and y are
determined by DH-stochastic matrices X = Vaik- .. Vgi1 and Y =V, ... Van'
Similarly, the transitions induced by words w, z; and z, are determined by
DH-stochastic matrices W, Z; and Z,.

Let us select 2 words x; and xo of the form z; = wy®(z¥y%)™ and
1y = w(akyK)m,

We select K as in Theorem 4.29. Using related Corollary 4.31 we get

that lim (YEXX)™ converges to some matrix J of the form described in
m—0oo

Corollary 4.31 and that J differs from JY ¥ only in transitions from transient
to absorbing states for (YXX%)m.

That means that after reading x; = wy™ (z%y®)™ and 2, = w(@Xy")™
from the initial state we will get arbitrary close probability distributions
for non-halting states, but possibly different probability distributions for the
halting states. Let p,; be accepting probability and p,; rejecting probability
after reading x1. (So at that moment the automaton remains in a non-halting
state with probability 1 — p,; — pr1). Let pa2 be accepting probability and
pro rejecting probability after reading x5. Consider reading z; after z; that
needs to be rejected and x5 that needs to be accepted. As distributions on
non-halting states before reading z; are arbitrary close, and reading any word
cannot significantly increase their difference, at that moment the word 12, ¢
L is accepted with probability p,; + c¢1, and the word x92; € L is accepted
with probability p.,e + ¢, where ¢; and ¢y are arbitrary close nonnegative
values. Due to the assumption that L is recognized with bounded error, we
get pa1 < pa2. On the other hand, consider reading 2o after x; that needs to
be accepted and x5 that needs to be rejected. In a similar fashion, we get
that p,e < pa1. This is a contradiction. O

Theorem 4.36. If a reqular language is of Type 1, it is not recognizable by
any DH-PRA.

Proof. Assume from the contrary, that A is a DH-PRA automaton which
recognizes a language L C ¥* of Type 1.

Since L is of Type 1, it is recognized by a deterministic automaton D
which has two states q;, go such that ¢; # ¢, 10 = @2, @Y = @1, T = ¢
where x,y € X*. Furthermore, exists w € ¥* such that qyw = ¢1, where qq is
an initial state of D, and exists a word z € ¥*, such that g1z = @4 if and

only if g2z = grcj, where gq.. is an accepting state and g,; is a rejecting state
of D.
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The transition function of the automaton A is determined by DH-stochastic
matrices V;,,...,V,,. Thewordsx = 0y, ...0;, andy = o0j, ...0;,. The tran-
sitions induced by words x and y are determined by DH-stochastic matrices
X = Vgik. . Vai1 and Y =V, ... V"h' Similarly, the transitions induced by
word w is determined by DH-stochastic matrix W.

Let us select two words x; and 3 of the form z; = w(z® (xy)X)™ and
1y = w(xk (xy)K)mzk.

We will show that for any € we can select K and m such that |p,, —p.,| < €.
Then as z1z € L and x9z ¢ L we get a contradiction.

We select K as in Theorem 4.29. Using related Corollary 4.31 we get

that lim ((YX)XXX)™ converges to some matrix J of the form described

in Corollary 4.31, for which the equality X*.J = J stands.

That means that after reading z; = w(z® (zy)%)™ and 25 = w(zX (zy)*)m 2k
we will get arbitrary close probability distributions that gives us required
contradiction. Or formally,

lim ZXE(YX)EXE)"W = lim Z(YX)EXE)Y"W = ZJW. So

ve >0 3m ||(Z(X( X)X - Z(( X)PEXE W) Qo < e

(4.10)
As we can select z such that w(z*(zy)*)"2% 2z € L and w(z*(zy)*))"z ¢ L,
that requires existence of € > 0, such that

Vm H(ZXK((YX)KXK)’”W - Z((YX)KXK)mI/V)Qo Se (411)

]

4.3.3 Closure properties of the DH-PRA automata

In this section we prove that the class of languages recognizable by DH-
PRA automata is not closed by the union. In [AKV 01] there is proposed a
language which is union of languages recognizable by QFA-DH which is not
recognisable by QFA-DH, we basically follow their proof. Although forbidden
construction for QFA-DH considered in [AKV 01] is different from considered
above we find also Type 3 forbidden construction in this language.

Theorem 4.37. There are two languages Lo and Lz which are recognizable
by DH-PRA, but the union of them Ly = Lo U L3 is not recognizable by
DH-PRA.

Proof. Let L be the language consisting of all words that start with any
number of letters a and after first letter b (if there is one) there is an odd
number of letters a. Its minimal automaton G is shown in Fig. 4.6.
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Figure 4.6: Minimal Automaton of L,

This language satisfies the conditions of Theorem 4.35 (g1, g2 and g3 of
Theorem 4.35 are just g1, g2 and g3 of Gy. x, y, 21, 22 are b, aba, ab and b.)
Hence it cannot be recognized by a DH-PRA. Consider two other languages
Lo and L3 defined as follows. Ly consists of all words which start with an
even number of letters a and after firs letter b (if there is one) there is an odd
number of letters a. L3 consists of all wards which start with an odd number
of letters a and after firs letter b (if there is one) there is an odd number of
letters a. It is easy to see that L; = Ly U L3. The minimal automatons G,
and (G5 are shown on Fig. 4.7 and Fig. 4.8.

Figure 4.7: Minimal Automa- Figure 4.8: Minimal Automa-
ton of Ly "even” ton of L3 "odd”

We construct two DH-PRA automata K, and K3 which recognize lan-
guages Ly and L3. The automaton K5 is obtained from the automaton G,
(see Fig. 4.7) in a simple way: just splitting the automaton into two dis-
connected sub-automata, by replacing transition ¢, b, @2 with the transition
1 LA Gace and the transition ¢; 2, rej, each with the probability 1/2. The
initial state with the probability 2/3 is ¢; and with the probability 1/3 is gs.
This transformation of the automaton GGy can be written as follows:

e the states ¢1,92,93,94 are non-halting states;
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e the state g5 is a rejecting state;

e the transition ¢ 2, ¢ is replaced with two transitions: ¢ 2, Gace and

1 2, rej, each with probability 1/2;

e reading right end-marker from the states ¢ and ¢4 leads to two ad-
ditional rejecting states, and from the states ¢; and g3 leads to two
additional accepting states;

e create a new initial state ¢y. Reading left end-marker in the ¢q leads to
the ¢; with probability 2/3 and to the g» with probability 1/3.

Formally we define the automaton K, to comply with the DH-PRA defi-
nition. The automaton consists of 12 states: g1, 92, 93, 94, 95, 96, 97, 93, 99,

g0, g11 and g1z, where Qnon = {91, 92, 93, 94, G2}, Qrej = {95, g6, 97, g8}
and Quee = {99, 910, g11}. The starting state of Ky is ¢12. The transition

matrixes Vi, V,, V, and Vg are defined as follows:

Vie =

DO DD DODODOOHRODOOUMNOD O OO0 OO Owe
OO0 OO O OO0 OO O OO0 O Ownwd
cNeNoNoNoNoNoeNoNoNo N = NeNeNe RNl R el e M)
SO DD DO DD DD OO OO0 HROO O
SO OO O DD OH OO0 ODODDDODDODDODOHRODOOO
OO OO0 OO OO0 oo o000 ~,ROOOO O
OO OO OO0 CcoocoOoO R OO0 O
C OO O OO0 OODOOO0 OO HODODODODODODODODODODODO O
OO O OO0 oo, OO0 OO
OCHPHO OO ODODOODOODODOO O ODDODDODDODDODDODDODODODO O
H O OO DO OO DO 000000 OO O OwRwhv

C OO O PO OO0 OCODDOHODODDODDODO OO
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‘/E):

OO OO ODDODODODDODOO ODOONINIRD OO OO OO
DO O DODOHDODODDODODODIODDOD ODODDDDODIDODDDODODDODO—O
=l SoNoNoNeNoRoNoNeNeNoNeNoNoNoNoNeNo NNl Yol
DO OO O OO ODOODDODOODOOODOHODOOO
DO O DODOD OO H OO OO, OOO
DD O DODODODDODOHR OO OO ODODOOO
DO DD DD DODDODODODODOHDODOODODOOHRHOODODODODOO O
DO OO HODODODODODDODODOOD COCOOONOD O OO O Ol
DO OHODDODDODDODDODODOD OOONFFOO OO OO Ol
C OO OO OO OO OOHHODODOODOODODOO O
S OO OO OO OO OO o OO 00D 0O o0 o0 O
H OO OO oo OO OoOOoCoOOoOOoO O

1. After reading the left endmarker k£ Ky with probability % is in the state
¢1 and with probability % is in the state ¢gs. G9 is in the starting state

-

2. After reading even number of letters a K, with probability % is in the
state ¢; and with probability % is in the state ¢».

3. After reading odd number of letters a Ky with probability % is in the

state ¢4 and with probability % is in the state gs.

4. If after reading an odd number of the letter a K; receives the letter
b or right endmarker then it rejects input with probability at least %
(from the state g4 by reading b or right endmarker K, goes to rejecting
state)

5. If after reading even number of letters a Ky receives right endmarker
then it accepts the input with probability %
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6. If after reading even number of letters a K5 receives letter b then with
probability % K, passes to accepting state, with probability % K, passes
to rejecting state, and probability % K, passes to the non-final state g9

7. By reading the letter a automaton K5 passes from ¢y to q3 or back. By
reading the letter b automaton Ky passes from g5 to g and from g3 to
q3, so receiving right endmarker in the state g3 the input is accepted
with total probability % and receiving right endmarker in the state ¢
the input is rejected with total probability %

This shows that K, accepts the language Lo with probability % Simi-
larly we construct K3 that accepts L3 with probability %

Thus we have shown that there are two languages Ly and L3 which are
recognizable by DH-PRA with probability %, but the union of them
Ly = Ly U L3 is not recognizable by DH-PRA.

]



Chapter 5

Conclusion

In this thesis we investigated some problems concerning possible speedup of
quantum algorithms over classical ones. We considered the two main prob-
lems in this thesis. In the first part of the thesis we considered quantum query
complexity of Boolean functions and gave an overview of the lower bound
techniques. We have introduced the problem of finding cycle in the graph.
We provided the quantum algorithm solving this problem better than any
classical analogue. The overall query complexity of the algorithm is O(n+/n)
while it is O(n?) in classical case (where n is a size of adjacency matrix rep-
resenting the graph). We also showed that the algorithm is optimal, using
the adversary lower bound technique ([AM 02]).

In the second part of our work we completed the research started by
M. Golovkins and M. Kravtsev [GK 02] by investigating properties of proba-
bilistic reversible Decide and Halt automata. The DH-PRA behave more like
measure-many quantum automata [KW 97|, as they halt when entering ac-
cepting or rejecting states. In the thesis we showed a general class of regular
languages, not recognizable by DH-PRA. This class is identical to a class not
recognizable by MM-QFA [AKV 01] (and similar to the class of languages,
not recognizable by C-PRA [GK 02]. We also proved that the class of lan-
guages recognizable by DH-PRA is not closed under union. The one open
problem still remains: we showed the class of languages for which we can not
prove whether it is recognizable by DH-PRA or not. So we still unable to
prove or disprove that class of languages recognizable by DH-PRA is likely
to include the one recognizable by MM-QFA or these classes are equal.

We propose the following classification for one-way reversible finite au-
tomata:

74
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C-Automata DH-Automata
Deterministic Permutation Automata Reversible  Finite  Au-
Automata [HS 66, T 68] (C-DRA) tomata [AF 98] (DH-
DRA)
Quantum Measure-Once Quantum Measure-Many Quantum

Automata with
Pure States

Finite Automata [MC 00]
(C-QFA-P)

Finite Automata [KW 97]
(DH-QFA-P)

Probabilistic
Automata

Probabilistic Reversible
C-Automata (C-PRA)

Probabilistic Reversible
DH-Automata (DH-PRA)

Quantum  Fi-
nite Automata
with Mixed
States

"Latvian” QFA
[ABGKMT 06]
(C-QFA-M)

Enhanced Quantum
Finite Automata [N 99]
(DH-QFA-M)

Language class problems have been solved for C automata and DH-DRA,
for the remaining types they are still open. Every type of DH-automata may

simulate the corresponding type of C-automata.

The following relation among language classes also presents interest, ques-
tion marks denoting conjectures:

C-DRA = C-QFA-P ¢ C-PRA = C-QFA-M
DH-DRA C DH-QFA-P ¢ DH-PRA ¢ DH-QFA-M

Note that language classes recognized by C-automata are closed under
boolean operations, while DH-automata are not.
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