EINDHOVEN
e UNIVERSITY OF
TECHNOLOGY

Eindhoven University of Technology

MASTER

Smooth Rényi entropy of ergodic quantum information sources

Tjoelker, J.

Award date:
2007

Link to publication

Disclaimer

This document contains a student thesis (bachelor's or master's), as authored by a student at Eindhoven University of Technology. Student
theses are made available in the TU/e repository upon obtaining the required degree. The grade received is not published on the document
as presented in the repository. The required complexity or quality of research of student theses may vary by program, and the required
minimum study period may vary in duration.

General rights
Copyright and moral rights for the publications made accessible in the public portal are retained by the authors and/or other copyright owners
and it is a condition of accessing publications that users recognise and abide by the legal requirements associated with these rights.

» Users may download and print one copy of any publication from the public portal for the purpose of private study or research.
* You may not further distribute the material or use it for any profit-making activity or commercial gain


https://research.tue.nl/en/studentTheses/43d0567b-c4e2-47aa-bede-f9d6431de38c

TECHNISCHE UNIVERSITEIT EINDHOVEN
Department of Mathematics and Computer Science

Smooth Rényi Entropy of
Ergodic Quantum Information Sources
by
J. Tjoelker

Supervisors:
Dr.Ir. L.A.M. Schoenmakers, Dr. P. Tuyls

Eindhoven, April 2007






Abstract

We investigate the recently introduced notion of smooth Rényi entropy, comparing the slightly
different definitions and studying the case of ergodic information sources, thereby generalizing
previous work which concentrated mainly on i.i.d. information sources. We will actually
consider ergodic quantum information sources, of which ergodic classical information sources
are a special case. We prove that the average smooth Rényi entropy rate will approach the
entropy rate of a stationary, ergodic source, which is equal to the Shannon entropy for a
classical source and the von Neumann entropy for a quantum source.
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Chapter 1

Introduction

1.1 Background

Nowadays, much information is exchanged digitally. Often this information needs
to be protected against unauthorized people reading it (encryption) and unautho-
rized changes (authentication).

This requires key material, random bits known to the communicating parties but
not to others. Key exchange is the process of establishing this key material.
Knowing the key material allows normal usage of the system.

Currently, most information protection is “computationally secure”. This means
that it is possible, given enough computer time and a sufficiently clever algorithm,
to find out the encrypted message or change the authenticated message without
knowing the key. The systems are tuned such that, given the current and expected
future state of computer technology and algorithm theory, it is easy to use the
system normally (i.e. knowing the key) but infeasible to break it.

This thesis is related to “information-theoretically secure” systems, sometimes
known as “unconditionally secure” systems. In such systems, the best strategy to
find out the encrypted message or to change the authenticated message is guessing
the key, no matter how much computer time is used. In other words, the encrypted
message does not give an attacker any information at all about the plaintext. More
information about this distinction can be found in [9)].

Quantum mechanics has several interesting consequences for cryptography. Firstly,
algorithms for quantum computers exist that can solve the discrete log problem
and prime factorization in polynomial time, so cryptographic systems relying on
their intractibility are no longer secure. Fortunately, quantum computers can cur-
rently only process very small sets of data, and this is unlikely to change in the
near future.

Secondly, the fact that the only means to get information from a quantum system
is measuring it, which changes the system (i.e. eavesdropping can be detected),
enables new information-theoretically secure systems.
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1.2 Information-theoretically secure key agreement

Using quantum mechanics or some other “special” channels between the two par-
ties, a class of information-theoretically secure key exchange protocols can be
constructed. A second requirement is the existence of a classical channel between
the parties, which the attacker can read but not change. An example of such a
special channel is a satellite sending out random bits at very low signal power,
which nobody can receive 100% correctly ([9, section 5.2]).

These protocols consist of three steps: advantage distillation, information recon-
ciliation and privacy amplification.

In advantage distillation, an advantage is obtained over the attacker. After this
step, both parties have a string of bits. The strings of bits of both parties are not
necessarily equal and the attacker may have some information about them, but
the parties have more information about each other’s strings than the attacker
does.

In information reconciliation, the parties agree on a string by exchanging informa-
tion on the classical channel. This also gives some additional information to the
attacker. An interesting question is how much information needs to be exchanged
to agree on a string.

In privacy amplification, the string is replaced by a smaller string which the at-
tacker has negligible information about. This is done by negotiating a compression
function over the classical channel, and applying the function to the string. This
negotiation must not start before the previous steps are done, lest the attacker
collect information in such a way that the compression function does not reduce
it. An interesting question is how long this smaller string, the key, can safely be.

1.3 Rényi entropy and smooth Rényi entropy

Important concepts in answering the above questions are Rényi entropy and
smooth Rényi entropy. They quantify the worst case in information reconcili-
ation (how much information needs to be exchanged) and privacy amplification
(how long can the key safely be), where Shannon entropy (the most basic measure
of information quantity) would quantify the average case.

More information about privacy amplification (also known as entropy smoothing in
a more general context, for example complexity theory) and the difference between
Shannon and Rényi entropy can for example be found in [3], which predates the
concept of smooth Rényi entropy. It defines “smooth entropy” as the highest
number of bits of uniform randomness that can be extracted after redistributing
e of probability mass in the best possible way (this corresponds to allowing the
operation to fail with probability €). It does not specify how to calculate this
quantity exactly, only giving bounds.

Smooth Rényi entropy was introduced by Renner and Wolf in [7] and [8], com-
bining Rényi entropy and the redistribution of € of probability mass. This allows
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calculating smooth entropy and related notions. The resulting quantity has much
better properties than regular Rényi entropy.

1.4 Outline of this thesis

The goal of this thesis is to prove that smooth Rényi entropy is equal to Shannon
or Von Neumann entropy in the limit for the number repetitions goes to infinity
and € — 0.

We will describe Rényi entropy and smooth Rényi entropy. These quantities can
be defined for both classical information and quantum information (section 2.5).

We will describe two variations of smooth Rényi entropy, from the two papers,
which differ in the definition of the ball used for smoothing. In either case, the
infinum or supremum is taken over a ball around the value, but one definition
(statistical distance ball) uses all probability distributions which are close enough,
while the other (truncation ball) cuts off some probability mass so that the ele-
ments of the ball are not probability distributions.

As a generalization of independent identically distributed repetitions, we will con-
sider stationary ergodic information sources (section 2.6).

Stationary ergodic information sources have an important property: given enough
repetitions, most probability mass is in the “typical set” where every possibility
has approximately the same probability. As the number of repetitions increases,
the probability mass in the typical set increases and the probabilities get closer
together. This is called the AEP (asymptotic equipartition property). Our proofs
will use the AEP and will not use ergodicity directly.

We will give bounds (for the classical case only) for the difference between the two
variations of smooth Rényi entropy (section 3.1 and 3.2).

We will prove that, given enough repetitions, smooth Rényi entropy (both varia-
tions) is equal to Shannon entropy in the limit. These repetitions do not have to
be independent and identically distributed; it is sufficient if they are stationary
and ergodic (chapter 4).



Chapter 2

Preliminaries

2.1 Probability distributions

Definition 2.1 (Probability distribution) A probability distribution is a func-
tion P from a set Z to R such that V.czP(z) > 0 and ) .z P(2) = 1.

Except when otherwise noted, the set Z will be finite.

We will define the entropy measures on a generalization of probability distribu-
tions:

Definition 2.2 (Non-normalized probability distribution) A non-normalized

probability distribution is a function P from a set Z to R such that V,czP(z) > 0
and 0 <) -P(z) <1.

2.2 Linear algebra

This section will review a few concepts of linear algebra.

Definition 2.3 (Projection) A square matriz P is a projection if all eigenvalues
are O or 1.

Theorem 2.4 For a projection P, tr(P) = rank(P).

Definition 2.5 (Hermitian matrix) A Hermitian matriz is a matriz A such
that A = AY, where AT is the conjugate transpose of A.

Theorem 2.6 A matriz is Hermitian if and only if it is diagonalizable, all eigen-
values are real and the eigenvectors are orthogonal.

Definition 2.7 (Positive matrix) A positive matriz (sometimes known as a
positive semidefinite matriz) is a matriz whose eigenvalues are all nonnegative
real.
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We will also use the notation A > 0 to state that a matrix A is positive, and the
notation A > B to state that A — B is positive.

Theorem 2.8 A positive matriz is Hermitian.
For comparison, we will give the following definition; we will not use it.

Definition 2.9 (Strictly positive matrix) A strictly positive matriz (sometimes
known as a positive definite matriz) is a matriz whose eigenvalues are all positive
real.

Theorem 2.10 If P is a projection and A > 0, then PA >0 and AP > 0.

2.3 Quantum mechanics

Only a terse description will be given here, more detailed information can for
example be found in [5], chapter 2. This description will be completely mathe-
matical; the physics will not be discussed.

A quantum state is a representation of the state of a physical system by a vector
of length 1 in a Hilbert space. If the Hilbert space is C? the quantum state is
called a qubit. An orthonormal basis is {|0),|1)}, corresponding to 0 and 1 for
classical bits.

The only way to get information out of a quantum system is by performing a
measurement. A measurement is described by a collection {M,,} of matrices over
the state space, where m are the possible measurement outcomes. If the state of
the system before the measurement is |¢), the probability of measurement outcome
m is p(m) = <¢|MLMm\w>. After the measurement the state will “collapse” to

Mn|9) ¢ the outcome is m.
p(m)

In what follows one party will often send one of several states with certain prob-
abilities, for example |0) with probability 1/2 and |1) with probability 1/2. Due
to the fact that the receiver can only distinguish the states by performing a mea-
surement, this can be represented more compactly with a matrix over the state
space, called a density matrix or density operator:

p= ZPiW%WM

In the example the density matrix is

1/2 0
0 1/2 )°
The sender could also send $+/2(|0) +|1)) with probability 1/2 and £/2(]0) —|1))
with probability 1/2, and the density matrix would be the same.

In the following this characterization will be most useful.
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Definition 2.11 (Density matrix) A density matriz is a positive matriz whose
eigenvalues sum to one.

The following generalization of density matrices will be useful:

Definition 2.12 (Non-normalized density matrix) A non-normalized density
matriz 1s a positive matriz whose eigenvalues sum to a number t with 0 <t < 1.

2.4 Distance measures

Measures of distance between probability distributions are needed.

Statistical distance is a distance measure for the classical case.

Definition 2.13 (Statistical distance) Given two probability distributions P
and QQ over Z, the statistical distance between them is

5P, Q) = 5 3" IPG) - Q)

€2
Trace distance is the quantum analogon of statistical distance.

Definition 2.14 (Trace distance) Given two density matrices p and o, the
trace distance between them is

1
5(p, ) = gtrlo — o]
where |A| = VATA.
If p and o commute and the eigenvalues of p and o are P (i) and Q(7) respectively,

then 0(p, o) = 0(P, Q). This property is useful in some proofs.

2.5 Entropy measures

Entropy measures quantify the amount of uncertainty in a probability distribution.
The most basic entropy measure is Shannon entropy.

Definition 2.15 (Shannon entropy) The Shannon entropy of a non-normalized
probability distribution P over Z is defined as *

H(P)=—> P(i)logP(i)

€2

Von Neumann entropy is the quantum analogon of Shannon entropy.

L All logarithms in this thesis have base 2.



2.5. ENTROPY MEASURES

Definition 2.16 (Von Neumann entropy) Von Neumann entropy of a non-
normalized density matrix is defined as

S(p) = —tr(plog p)

Let A; denote the eigenvalues of the non-normalized density matrix p. Then
S(p) = —>_; Ailog A;.

Rényi entropy is a family of entropy measures. It has a parameter (order) o €
[0, o0].

Definition 2.17 (Rényi entropy (classical)) In the classical case, Rényi en-
tropy of order « is defined as

. i o log (Z P(z)"‘)

zEZ

Ho(P) =

for a non-normalized probability distribution P and 0 < a <1V 1 < a < oo, with
the convention that Ho(P) = limg_,o, Hz(IP) for a € {0,1, c0}.

For a = 0, this gives Hyo(P) = log(#{z € Z|P(z) > 0}). For a = 1, this
gives Hi(P) = H(P) (Shannon entropy). For a = oo, this gives Hyo(P) =
—log (max{PP(z)|z € Z}).

Note that Rényi entropy of all orders is the same as Shannon entropy for a distri-
bution P with P(i) = £ fori = 1,...,n:

n

1 1\“ 1
Ha(IP):l_alog nl :m(logn—alogn)zlogn.

Rényi entropy of order 0 is log of the number of elements in Z with non-zero
probability. This is important in information reconciliation and privacy amplifi-
cation, describing the amount of information needed to reconstruct a value exactly
without chance of failure.

For example, consider a random variable X with P(X = 1) = 1 and P(X =

i) = ﬁ for i = 2,...,n. Then H(P) = 3 + 2log2(n — 1) = Llogd(n —
1) = log2y/n — 1. However Hy(P) = logn, reflecting that n bits are needed to

reconstruct X without chance of failure.

Rényi entropy of order 2 is the negative log of the probability that two independent
repetitions of IP(z) give the same element of Z.

Rényi entropy of order oo is the negative log of the largest probability. This is
important in cryptography, describing the probability of an attacker guessing the
key. In the example, Hy(IP) = 1 and an attacker has 50% probability of guessing
X right, much higher than the Shannon entropy suggests.

Note that independent identically distributed repetitions do not remove this gap
between Shannon entropy and Rényi entropy.
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Definition 2.18 (Rényi entropy (quantum)) In the quantum case, Rényi en-
tropy is defined as ([6])

Salp) = 1 log(tr(s")

for a non-normalized density matriz p and 0 < a < 1V 1 < a < oo, with the
convention that So(p) = limg_.o Sg(p) for a € {0,1, 00}.

Equivalently, if p(z) (z € Z) are the eigenvalues of p, Sy (p) = Ha(p(2)).

Then Sy(p) = log(rank(p)), Si(p) = S(p) (Von Neumann entropy) and S (p) =
—log Amax(p) (maximum eigenvalue).

Smooth Rényi entropy takes the infinum (o < 1) or supremum (a > 1) of the
Rényi entropy over all @ which are close to P in some way (parametrized by
e > 0). For a = 1, smooth Rényi entropy is the same as Shannon entropy.

We will use two different definitions of “close” (represented by two different balls
B¢(IP)). The old definition from [7] uses statistical distance:

B5(P) = {Q6(P,Q) <€, > Qz) = 1,V.Q(z) > 0}.

In the new definition from [8] (also mentioned in the full version of [7]) the elements
of the ball are not probability distributions (except IP); however, they are non-
normalized probability distributions. We will call this the truncation ball:

Bo(P):={Q| > Q(2) > 1-¢7.Q(2) < P(2),V.Q(2) > 0}.

zZEZ

Note that both balls are compact sets, because they are closed bounded subsets
of R#Z.

Putting B (statistical distance ball) or BS (truncation ball) for B¢, the rest of the
definition is as follows:

Definition 2.19 (Smooth Rényi entropy (classical))
H(P) = ﬁianeBe(P) log (3,ezQ(2)%), for0<a<lVli<a<oo
where the special cases for 0, 1 and oo are the limits as in Rényi entropy:

HE(P) = infepe(p) log (#{2 € Z|Q(z) > 0}), fora=0
HG(P) = H(P), fora=1
HE(P) = —infgepep) log (max{Q(z)[z € Z}), for a = o0

Another formulation of the definition, which can be easier to use:

infoepep) Ha(Q), for a < 1;
HE(P) = QEeBE(P) ) )
a(P) { supgepep) Ha(R), for a > 1.
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The following theorem is already given by Renner and Wolf in [8, section 2.1]; we
will give the (simple) proof.

Theorem 2.20 The infinum or supremum in the definition of classical smooth
Rényi entropy is actually a minimum or maximum.

Proof Use the second formulation of the definition.

For a = 0, the function Hy maps R#Z to a subset of {logM|M € N,1 < M <
#Z} which is a finite set, so it has a minimum and a maximum.

For a > 0, H, is a continuous function from a subset of R#Z to R, so it maps
the compact set B¢(IP) to a compact subset of R which has a minimum and a
maximum. U

In the quantum case the equivalent of the ball using statistical distance is a ball
using trace distance:

B (p) :=={cld(p,0) <€, ois a density operator}

The equivalent of the truncation ball is:
Bi(p) = {0 > Ol < p.tr(0) > 1 — )

Similarly to the classical case, the elements of the truncation ball are not density
matrices, but they are non-normalized density matrices.

Both balls are compact sets.

Definition 2.21 (Smooth Rényi entropy (quantum)) In either case the smooth

Rényi entropy is defined as:

1
¢ = inf 1 *
Salp) =1~ Lot log (tr(p®))

with the convention that Sg,(p) := limg_.o S§(p) for a € {0,00}

As in the classical case, this can be written as

SE(p) = inf,cpe(p) Salo), fora <1
T supepe(p) Salo), for a > 1.

Theorem 2.22 The infinum or supremum in the definition of quantum smooth
Rényi entropy is actually a minimum or mazimum.

The proof is the same as in the classical case.

11
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2.6 Ergodicity

Intuitively, an ergodic information source is the most general information source,
such that the strong law of large numbers still holds. An independent identically
distributed (i.i.d.) source is a special case of an ergodic source.

In this section, the set Z in the definition of probability distribution may be
infinite.

2.6.1 Classical case

The following definition is from [4, page 474-475].

Definition 2.23 (Classical information source) Define a classical informa-
tion source by a triple (2, B, P), with a space ) (repetitions of an alphabet), algebra
of subsets B and a probability measure IP.

A random variable X is represented by a function from Q2 to C.

An example for 2 could be {0, 1}N for a source that sends an infinite sequence of
bits.

Consider transformations 7' : Q@ — €. In the following, these will be time shifts.
In the {0, 1}™ example, this would remove the first bit from the sequence.

A transformation 7T is called stationary (for a certain information source) if
P(TA) =P(A) for all A € B. Intuitively this means the process looks the same
at every point in time.

A transformation T is called ergodic (for a certain information source) if for every
set A with TA = A, either P(A) =0 or P(A) = 1.

If T is stationary and ergodic, the process defined by
Xp(w) =X(T"w)

for a random variable X is stationary and ergodic.

We have created some examples of dependent and/or non-identically distributed
sources:

e A source that sends alternating zeroes and ones, starting with 0 with 50%
probability and 1 with 50% probability.

The probability measure is such that P(w) is 1/2 for w; = [0,1,0,1,...] and
we =[1,0,1,0,...], and 0 otherwise.

T(w1) = we and T'(w2) = wy. T is stationary.

All sets A with P(A) > 0 and TA = A have IP(A) = 1, as they must contain
wq if they contain we and vice versa. So T is ergodic.

The random variable X sends each w to its first element.

This source is ergodic.
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e A source with the following probability table per bit:

1/4 | send 0 and send only zeroes from this point on
1/4 | send 1 and send only ones from this point on
1/4 | send 0 and continue following this table
1/4 | send 1 and continue following this table
Take w; = [0,1,1,1,...] and wy = [1,1,1,1,...] (both continue with ones
forever). Then T'(w1) = wa. Note that P(w2) = 1/441/4P(w2) and P(w;) =
1/4P(wq). So the transformation T' is not stationary for this probability
measure.

The transformation 7" is not ergodic either, T'(w2) = we but P(ws) = 1/3.

This source is not ergodic.

e A source that sends all-ones with probability 1/2 and all-zeroes with prob-
ability 1/2.
Take wi; = [0,0,0,0,...] and wy = [1,1,1,1,...] (both continue with the
same digit forever). So P(wy) = P(wq) = 1/2.
Then T(w1) = w1 and T(w2) = we, so T is stationary for this probability
measure, but not ergodic.

This source is not ergodic.

2.6.2 Quantum case

A detailed definition of quantum ergodicity is outside the scope of this thesis; we
do not use it directly (instead, we use the AEP). We will just give some background
information.

The definition is from [2, section 2].

Some background on discrete quantum information sources (QIS) is needed. The
definition contains three main components.

The first component is an algebra, corresponding to 2 and B in the classical case.
As building block we will use the algebra A = B(H), the linear operators on the
finite dimensional Hilbert space H. If the QIS emits qubits, H will be C2. One
can also use other choices for A but we do not need this.

For a finite subset A C Z the “local” algebra Aj is given by Ap = @),cp A-.
Then the quasilocal algebra A is defined as the operator norm closure of the
local *-algebra Ao := Uycz An-

The second component corresponds to IP in the classical case. A state on the
quasilocal algebra is given by a normed positive functional ¥, i.e. ¥(1) =1 and
U(A) >0 for all A e A>® with A > 0.

The third component corresponds to 7" in the classical case. The shift T is defined
on A, as follows. For integers z1 < zo and A := {z1,21+ 1,...,20} (A+1 =
{z1+1,...,20+1})

T: Ay — Art1,a~a®1—T(a) =1®a >~ a.

13
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The canonical extension of T' onto A is an *-automorphism on A>.

Definition 2.24 (Quantum information source) The triple (A, ¥, T) de-
fines a quantum dynamical system. This is the mathematical model for a discrete

QIS.

(A%, W, T) is called stationary if for all a € A* it holds that ¥(Ta) = ¥(a).

We will deal only with stationary QIS, hence we can assume without loss of gen-
erality that all integer intervals are of the form A = {1,...,n} with n > 1. We
write p(™ instead of p*) and ¥(™ instead of W),

A stationary QIS (A%, W, T) is ergodic if

n—1 2
nh_{go‘lj <1lz ZTi(a)) = U(a)?
=0

for all self-adjoint a € A°.

2.7 Asymptotic equipartition property

The asymptotic equipartition property (AEP) says that given enough repetitions
of a stationary ergodic distribution, most probability mass is in the “typical set”
where every possibility has approximately the same probability. The AEP is also
known as the Shannon-McMillan theorem.

In this section, the set Z in the definition of probability distribution may no longer
be infinite.

2.7.1 Classical case

Let IP be a stationary ergodic distribution over Z = {0,1}.

Definition 2.25 (Entropy rate) Entropy rate is the average per symbol Shan-
non entropy:

h(P) = lim ~H(P™)

n—oo n

Definition 2.26 (Typical sequences, typical set) A sequence 2™ € {0,1}" is
called e-typical if

9—n(h(IP)+e) < ]P(Zn) < 9—n(h(P)—e)
The typical set T[* is the set of all e-typical sequences.

Theorem 2.27 (Classical AEP) Given ¢ > 0, there is an N € N such that for
alln >N, P(T*) > 1—ce.
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2.7.2 Quantum case

This theorem is from [2, section 5].

Let (A, ¥, T) be a stationary QIS. Using the one-to-one correspondence between
a stationary ¥ and a family of density operators {p(”)|n € N}, an average per-
symbol entropy can be defined:

Definition 2.28 (Entropy rate of a QIS) s(p) := lim, %S(p(”))
We call certain states “typical”.

Definition 2.29 (Typical state, typical subspace) A pure state |e§n)>, where
\el(-n)) is an eigenvector of p\™, is called e-typical if the corresponding eigenvalue
A satisfies

7

2—n(s(p)+e) < )\(”) < 2—n(s(p)—e).

— "M

)

The typical subspace Te(n is the linear hull of all e-typical states.

Theorem 2.30 (Quantum AEP) Let ¢ > 0 and let p be a stationary ergodic
QIS with local densities p™. Then there exists an N € N such that for alln > N

1. tr(p(")PTe(n)) > 1 —¢€, where PZ(”) 1s the projector onto the subspace Te(n).

2. tr(Ppm) < 2n(s(p)+e)

15



Chapter 3

A closer look at smooth Rényi
entropy

3.1 Comparison of the two definitions, classical case

This section compares the two definitions of smooth Rényi entropy (different balls),
for the classical case.

In the rest of this section, H¢ , stands for smooth Rényi entropy using the sta-
tistical distance ball, and Hy , for smooth Rényi entropy using the truncation
ball.

For @« = 1 or € = 0, these are both equal to the Shannon entropy; we will not
allow these cases in the following proofs.

3.1.1 Maps between the balls
Several simple maps between BS(IP) and B (IP) can be defined.

Definition 3.1 Define the map Fey : BS(IP) — Bg(IP):

Given a Q,, there is a corresponding Qy,:
Qn(2) = min{Qo(2), P(2)}
Lemma 3.2 The map Feyt is well defined.

Proof From the definition of Q,:

Y e Y @) -PE) | <e
{21Qo(2)<P(2)} {21Q0(2)>P(2)}

so from ), Qo(2) =1

Yo PE-Q() = > (Qolz)—P(2)) <e
{21Qo(2)<P(2)} {21Qo(2)>P(2)}

16
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and

ZQH )>1—e a

Definition 3.3 Define the map Fhorm : BS(P) — BS(P):
Given a Qy, there is a corresponding Qo (Qn+) as follows:

Qu(2)

RS SN

Lemma 3.4 The map Fhom s well defined.

Proof Clearly ), Qu+(2) = 1.

For 6(IP, Qu+):

Set 6 :=1—->_ Qn(x)

Divide Z into two parts Z; and Z, such that

Qu(z) <(1=0)P(z) & zec2Z
Quz) > (1 -90)P(z) & z€ 2

So z € Z1 & Qu-(2) < P(z).
Then

> PE-Que ) = 3 @) -2 < 37 (P2)-Qu(2) < Y (P(:)-Qu(z) =5 <

ZEZ ZEZ ZEZ z
Since ), Qn=(2) =1,
Y (P(x) = Que(2) = Y (Que(2) —P(2))

z€EZ 2€22

and

ZHP (2)]/2 <. O

Definition 3.5 Define the map F,qdsman : BS(P) x N — BS(PP):

Let Z be a set of M elements of Z, such that for all Z € Z it holds that P(Z) =0
(so also Qn(Z) =0). Given a (Qn, M), there is a corresponding Qo (Qu#):

. Z
Qu#(2) = { QS) w(2) Zié

w0 F
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3.1.2 Bounds
Using the map Fi,

Using theorem 2.20, suppose the minimum/maximum is reached at Q,, and

Fcut(Qo) = Qn-

Ho(Qn) =

1og2<1:zn = _alog Y Q)+ Y. Pe)*

Qo(2)<P(2) RQo(2)>P(2)

fTa=0or0<a<l:

Ha(Qn) S HO&(QO)
HS’Q(IP) = Ha(Qo) > Ha(Qn) > Hrel,Oc(IP)'

Ifl<a<ooora=oo:

Ha(Qn) 2 HO&((QO)
H&a(IP) = Ha<Q0) < Ha(Qn) < Hﬁ,a(P)-

In both cases, the latter inequality follows from the infimum in the definition of
smooth Rényi entropy.

Consider the case 0 < @ < 1V 1 < a < oo. Note that the inequality between
Hy(Qo) and Ho(Qu) is strict, if HS ,(P) # Hq(P). Furthermore note that clearly
Hy (P) # Hy(P) (because e > 0). So it must be that the inequality between
HE o (P) and HE ,(P) is strict.

A more concrete example of this difference is in section 3.1.3.

Using the map Fiom

Using theorem 2.20, suppose the minimum/maximum is reached at @Q,, and
Fnorm(@n) = Qn*~
Set § :=1—>" Qu(z). Then § <e.

Rényi entropy on single points @, and Qu«, for 0 < a < oo:

Ho(@u) = = Tog > Qe (2)" = = Tog > Qu(2)" — -

log(1—6
aog( )

For o = 0:

Ho(Qu~) = log #{2|Qu=(2) > 0} = log #{z|Qn(z) > 0} = Ho(Qu)

For oo = o0:

Hoo(Qu) = —logmax{s|Qu ()} = — logmax{z|rLQu(2)}
= —logmax{z|Qn(2)} — log =5 = —log max{z|Qu(2)} + log(1 — 0)
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fTa=0or0<a<l:

HY o (P) = 7= log(1 =€) > Hy ,(P) — ——— log(1=0) = Ha(Qu-) > H;,(P)
Ifoo>a>1:

HY o () — 7= log(1—€) < Hy ,(P) — 7——log(1=0) = Ha(Qu-) < H,(P)
If a = o0:

H o(IP) +log(1 — €) < Hy o (IP) +log(1 — 0) = Ha(Qu-) < H; ,(P)

In all three cases, the latter inequality follows from the infimum in the definition
of smooth Rényi entropy.

Using the map FlLgdsmall

Using theorem 2.20, suppose the minimum /maximum is reached at Q,, let M € N,
and Fuddsman (M, Qn) = Qus (M).

Set 6 :=1—-3"_ Qn(x). Then § <e.

Rényi entropy on single points @, and Q% (M), for 1 < a < oo:

- i ~log (Z Qu(2)*+ M (A‘;>Q>

1
1—

Ho(@Que (M) = = log 3 Q0 M)(2)° =

Note that limps_oo M (%)a =0.
Then

H o(P) = Ho(Qn) = lim Ho(Qus(M)) < Hgo(P)

The latter inequality follows from the infimum in the definition of smooth Rényi
entropy.

For a = oc:
Let M be the smallest integer greater than ;—z<5. Then w < max{z|Qn(z)}.
So

Hoyo(Qu#(M)) = —logmax{z|Q,#(M)(z)} = —log max{z|Qn(z)}.
Then it follows that

Hrel,oo(]P) = HOO(QH) = Hoo(@n# (M)) < Hce),oo(]P)

The latter inequality follows from the infimum in the definition of smooth Rényi
entropy.
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Together

Summarizing, we get the following bounds. Note that different from [7, full ver-
sion, section 3.3], we find that there is a difference between the definitions.

If a =0:

Hy o(IP) = H; o (IP)

fo<a<l:

HY, o (P) < Hi o(P) < Hy o(P) - 7= log(1 - )
Ifl<a<oo:

HY o (P) > H o (P) > H () = ——— log(1 — ¢)

If « = o0
Hrel,a(IP) > Hg,a(ﬂ)) > Hrel,a(IP) + log(l - 6)

The bound for & = co and 1 < a < oo can be improved if elements with proba-
bility 0 are added to Z; for a = oo,

H . (P) = Hg ()
and for 1 < a < oo,
Hli()é(ﬂ:)) > Hé,a(IP) > Hli()é(ﬂ:)) —d

for any d > 0 (the closer d is to 0, the more elements in Z with probability 0 are
needed).

3.1.3 Example of the difference

As an example for the difference between the two definitions, consider Z = {0, 1}
and P(0) =P(1) =1/2.

For a = 0 and € < 1/2, it is clear that for all Q in either BS(P) or BS(P), Q(0)
and (1) will both be non-zero. Hence the smooth Rényi entropy is log 2 in both
cases.

For « = 1/2 and e < 1/2, the best Q) for the truncation ball is Q(0) = 1/2 — ¢,
Q(1) = 1/2, giving a smooth Rényi entropy of 2log(1/1/2 — € + M) For the
statistical distance ball, the best Q is Q(0) = 1/2 — ¢, Q(1) = 1/2 + ¢, giving a
smooth Rényi entropy of 2log(1/1/2 — € + \/1/2 + ¢).

For @ = oo and € < 1/4, the best result in the truncation ball is lowering both
Q(0) and Q(1) to 1/2 — €/2, giving a smooth Rényi entropy of —log(1/2 — €/2).
However, in the statistical distance ball no improvement is possible, leaving the
smooth Rényi entropy at log 2.
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If we instead use Z = {0,1,2} and take P(2) = 0, the difference between the
statistical distance ball and the truncation ball decreases. For a = oo and € small
enough, the extra probability mass can be put in Q(2), giving Q(0) = Q(1) =
1/2 — €/2 and Q(2) = € and a smooth Rényi entropy of —log(1/2 —€/2).

3.2 Comparison of the two definitions, quantum case

This section will generalise the previous section to quantum information.

3.2.1 Comparison between quantum and classical information

We need some lemmas about the relation between classical probability distribu-
tions and density matrices.

Lemma 3.6 (Weyl’s Monotonicity Theorem) If A, B are n by n Hermitian,
and B is positive, then \i(A) < Ni(A+ B) for alli=1,...,n, where \;(M) is the
i’th eigenvalue (ordered from largest to smallest) of the Hermitian matriz M.

Proof See for example [1, Corollary 111.2.3].

Lemma 3.7 Let p be a density operator with eigenvalues \y > Ag > ... > Ay,.

1. Given a matriz o with eigenvalues py > po > ... > n,

o € Bi(p) = p € BL(A)

2. Given real numbers p, ..., j, such that p € By(A), there exists a matriz o
with eigenvalues pi, ..., iy such that o € BS(p).

Proof Recall that
Bi(A) = {plVimi < X, > pi > 1= €Yy > 0}

and

Bi(p) = {olo < p,tx(0) = 1 — e,0 = 0}

1. Let o be a matrix with eigenvalues py > ps > ... > u, and suppose o €
B (p)-
o positive gives V;u; > 0. p — o is positive so \; > p; for all i (from lemma
3.6). tr(o) > 1 —egives > . p; > 1 —e.

So p is in the classical truncation ball around A.
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2. Because p is Hermitian, it is diagonalisable: there are v; (i = 1,...,n) such

that
p=> Ailvi)(uil.
Let o be

o= Z,ui\vi)@,;\.

V;u; = 0 so o is positive.

The eigenvalues of p — o = Y. (A; — pi)|vi)(vi| are A; — p;, which are non-

negative real, so p — o is positive.
dYpi>1l—esotr(o) >1—e

So o is in the quantum truncation ball around p.

Lemma 3.8 If \1,..., A\, are the eigenvalues of the density matrix p,
Snalp) = Hy o(A).

Proof
Recall from the definitions that S, (p) = Hqa ().

S<(p) = inf Sa(o)= inf Hu(u)=H(A
a(p) Jant (o) N (1) (A)

O

Lemma 3.9 Given two density operators p and o with eigenvalues A1 > o >

2 Apand gy > e > .0 > iy,

1
5(p,o) > 52 |Ai — pil.

Proof

There is a unitary matrix U and a diagonal matrix D such that p — o = UDUT.

There are positive diagonal matrices D™ and D~ such that D = Dt — D~

Then p— o0 =UDUT =U(D* — D )UT =UDTUT —-UD Ul = Q—S. Q and S

are positive matrices with support on orthogonal spaces. So [p —o| = Q + S.

Define the matrix V := 5 4+ p = @ + 0. This is a positive matrix.
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Let v1 > v > ... > v, be the eigenvalues of V. It follows from lemma 3.6 that
v; > max{\;, u;} and v; > L\ + %,u,- + %])\Z — Hl.

Then §(p, o) = 1(tr(Q)+tr(5))/2 = tr(V) —tr(p) —tr(c) = 3, (v — 2N — Si) >

3 22 A — pil-
O
Lemma 3.10 Let p be a density operator with eigenvalues A1 > do > ... > \,.
1. Given a matriz o with eigenvalues py > po > ... > ln,
o € Bi(p) = € By(Y)
2. Given real numbers py, ..., pin such that p € BS(A), there exists a matriz o
with eigenvalues py, ..., iy, such that o € BS(p).
Proof
Recall that
B = {uld(A ) < &3 i = 1, %, > 0}
i
and
Bi(p) = {0ld(p,0) < € tr(o) = 1,0 > 0}
1. Let 0 € B5(p). Then 6(p,0) < €50 53, |\ — | < € (from lemma 3.9).
Also o is a density operator so Viu; > 0 and ), u; = 1. So p € Bg(A).
2. Because p is Hermitian, it is diagonalisable: there are v; (i = 1,...,n) such

that
p=D_ Ailvi)(vil.
Let o be

o= Z,ui\vi)@,;\.

Vip; > 0 so o is positive.
> i =1so0tr(o) =1.

Because the p and o diagonalise in the same way, the trace distance between

them is equal to the statistical distance between the eigenvalues, so d(p, o) =
6(A,p) <e.

So o is in the quantum “old” ball around p.
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Lemma 3.11 If A\y,..., \, are the eigenvalues of the density matriz p,
So,a(P) = H o (A).
Proof
This follows immediately from the previous lemma and the alternate characteri-
zation of quantum smooth Rényi entropy (S, (p) = Huo(A)). O

Then we can construct analogons for Fry and Fyom, in such a way that the
eigenvalues are transformed like the probabilities in the classical case. These are
not necessary for the proof of equivalency.

Definition 3.12 Define the map Feyt : BS(p) — BS(p),
06— oy = p—Pos(p— o)
with

Pos(p — o) = Zmax{yi, 0} |vs) (vi]

p—o =" wilvi){vi.
i
Note that p — o is diagonalisable because it is the difference of two Hermitian
matrices.

Definition 3.13 Define the map Fyorm : BS(p) — BS(p),
On
tr(om)

Op = Ops 1=

3.2.2 Bounds

Apply lemmas 3.8 and 3.11 to the result in the classical case, this gives:

fTa=0or0<a<l:

(0%
Snalp) = 7= log(l =€) 2 554(p) = S5.a(p)
Ifoo>a>1:
(0%
Snalp) = 7= log(l =€) < 554(p) < S5alp)
If @ = o0

Shal(p) +10g(1 =€) < 56 ,(p) < 55 alp)

Similarly to the classical case, the latter two bounds can be improved if eigenvec-
tors with eigenvalue 0 are added to p. For co > « > 1 this brings the entropies
arbitrarily close; for a@ = oo it makes them equal with one such eigenvalue if € is
sufficiently small.
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3.3 Relations between smooth Rényi entropy of dif-
ferent orders

In this section we will derive inequalities between smooth Rényi entropy of different
orders. In the next chapter we will do the proof for orders 0 and co only (for order
1, Smooth Rényi entropy is equal to Shannon/Von Neumann entropy).

From [6, section 2.4], for «, 3 € [0, 00] and p a density matrix
a < 3 Salp) = Ss(p)

Now let o be a truncated density matrix (trace not necessarily equal to 1). Then

501 = 50 (gt = 2t () o)

= S (5%) + 1% log(tx(0)).

Combining these two formulas and reordering the terms gives

(07

Sa()— 1 o((0)) = S (75) 2 85 (7 ) = Soto)— 12 (o)

which can be simplified to

Note that 1 — e < tr(o) < 1.

Sa(o)+

From this and theorem 2.22, results for smooth Rényi entropy with the truncation
ball can be derived:

For a < g < 1:
S&(p) + 125 log(tr(0))
— (o) + i log(tx(o)
> Sg(o)+ ﬁ log(tr(o))
> S5(p) + 1% log(tr(c))

S5(p) + 125 log(tr(0))
= §5(0) + 125 log(tx(0))
< Sa(0) + 125 log(tr(0))
< S5(p) + g log(tr(0))

Furthermore, we have the following theorem:

Theorem 3.14 1. If a <1, then

log(1/e)
11—«

S5¢(p) < S&(p) +
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2. If a > 1, then

log(1/e)

2e > g€ o

S2() > Si(p) — 2k

Proof Apply lemma 3.11 to [8, lemma 2] and take € = €. U

Together, it follows that proving the limit result for « = 0, « = 1 and a = oo
implies the limit result for general a.



Chapter 4

Asymptotic results for smooth
Rényi entropy

In this section we will prove that Smooth Rényi entropy goes to Shannon/Von
Neumann entropy in the limit for n — oo and € — 0.

4.1 Definitions (classical case)
Let IP be a stationary ergodic probability distribution on Z = {0, 1}. Define
L 1 n n
M(P) = lim — 3" P(")log(P(="))
ZTL

to be the limit of the Shannon entropy for n — oco.

Define h,(P) to be the limit of the smooth Rényi entropy for ¢ — 0 and n — oc:

h§(P) = limy, oo = Hy" (P)
ho(P) = limy, o0 2 H'(P)

4.2 Classical case, truncation ball
B¢(P) is the truncation ball.

Theorem 4.1 h§(P) is close to h(IP): for all 0 < e < %:

1. hS(P) < h(P) + ¢
2. h§(P) > h(P) — 2¢

Proof Apply theorem 2.27 and let 7" be the typical set. For all 2" € T,
9—n(h(P)+e) < P(Zn> < 2fn(h(]P)fe)’ and 2n(h(P)+e) < Ten < on(h(P)—e)

27
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1. Define the function

engony P(z") ifz"eTr,
F (Z)_{o it ¢ T,

From the AEP it follows that P™(T") > 1 — € for n sufficiently large. Also,
clearly Po"(2™) < P(z") for all 2™. So Po"(2") € BS"(PP).

H™(Pe) < log 2"MEI+) — n(h(P) + €)
So

hS(P) = Tim ~inf HI(Q) < lim ~n(h(P)+€) = lim (A(P)+¢) < h(P) + .

n—oon @ n—oo n n—oo

2. Let Q € BS™(P).
From the definition: )., Q(2") > 1 —¢

S e+ Y Qe =1

el ZngTh
> QE") =1-2e
el

If n is large enough and € < 1/2, 1 — 2e > 27"

Then
Z Q(Zn) >1-—2 >27" = 2n(h(IP)—26)2—n(h(IP)—6) > 2n(h(IP)—26) max Q(Zn)
zneTr neTe
SO

()29 o 2omety RE") - Danern gm0 BE")

< = <H#{" e THMQ((Z") >0
maxnern Q(2")  max,nern gzn)s0 Q(2") { Q6" J

and
log#{z" € T'|Q(z") > 0} > n(h(P) — 2¢).

So for all Q € BS"(P), we have H}(Q) > n(h(P) — 2¢). Hence H{™(P) >
n(h(P) — 2¢) and h§(P) > h(P) — 2e.

Theorem 4.2 h& (P) is close to h(IP): for all 0 < e < 1:

1. B (P) > h(P) —¢

2. he (P) < h(P) + 2¢
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Proof Apply theorem 2.27 and let T!" be the typical set. For all 2" € T,
2—n(h(lP)+e) < IP(ZTL) < 2—71(/1(1?)—6)7 and 2n(h(IP)+E) < Ten < 2n(h(IP)—e).

1. Define the function

engony ) P(2") ifz" e Tl
F (Z)_{o itz @ T,

From the AEP it follows that P™(T") > 1 — € for n sufficiently large. Also,
clearly P (z") < P(2") for all 2. o Pe" (") € B (P).

HGY(P") > —log 2 "(M)=9) = n(n(P) — ¢)
So

B (P) = Tim ~inf H.(Q) > lim ~n(h(P)—¢) = Tim (h(P) —¢) > h(P) — c.

n—oon Q n—oo N n—oo

2. Let Q € B"(PP).
From the definition: >, Q(2") >1—¢

Y REM+ D QEN) =1«

neTy ZngTn
> QE") =1-2e
el

If n is large enough and € < 1/2, 1 — 2e > 27",
Then
Z Q(zn) >1-2¢>27" = 2—n(h(IP)+2e)2n(h(IP)+e) > 2—n(h(IP)+25)#T€n
ZnerT!

SO

—n(h(P)+2¢) ~ Zz"ETgl Q(Z”) < ny < n
2 <= < ngleajz;@(z ) < maxQ(2")

and
—log max Q(2") < n(h(P) + 2¢).

So for all Q € BS"(P), we have H (Q) < n(h(P) + 2¢). Hence H'(P) <
n(h(P) + 2¢) and hS (P) < h(P) + 2e.
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4.3 Classical case, statistical distance ball
Theorem 4.3 h§(P) is close to h(P): for all 0 < € < 3

1. h§(P) < h(P) + €

2. h§(P) > h(P) — 2¢

Proof Apply theorem 2.27 and let 7" be the typical set. For all 2" € T,
9—n(h(P)+e) < P(zn) < zfn(h(]P)fe), and 2n(h(P)+e) < TGn < on(h(P)—e)

1. Define the distribution

cnpn [ PGNP it € TP,
P (Z)_{o if2n @ T,

From comparison of definitions, Fyom, P"(2") € B<™(P).

HS™ (Pn) < log 27140 — p((P) + ¢)

So

n—oon @ n—oo n n—oo

h§(P) = lim linfﬁ{;(Q) < lim ln(h(IP)+e) = lim (h(P)+¢€) < h(P) +e.

2. Let Q € B"(P).
From the definition: )., Q(2") > 1 —¢

Y REM+ D Q) =1«

znelr ZngThn
Z Q") >1-2e
el

If n is large enough and € < 1/2, 1 — 2¢ > 27",
Now change QQ: for every 2" with Q(z") > P(z"), replace Q(2") by P(z").
This changed @ is in the truncation ball (again see comparison of definitions,
Feut).
Then the same proof applies:
> Q") = 1-2e > 277 = 2n(P) 2997 n((F)=9) > gn(P)=29) max Q(2")

ZneTy
ZneTh €

SO

on(h(P)—2¢) < Doanern RZ") Donern gany>0 V(")

< = <H{Z" e THQ(") >0
max_nern Q(2") MaXnen Q(2n)>0 Q(z™) { [RE=") }
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and
log #{z" € T'|Q(z") > 0} > n(h(P) — 2¢).

So for all Q € B<"(P), we have H}(Q) > n(h(P) — 2¢). Hence H{™(P) >
n(h(P) — 2¢) and h§(P) > h(PP) — 2e.

Theorem 4.4 h¢_(IP) is close to h(IP): for all 0 < € < ::

1. he (P) > h(P) — ¢
2. hS (P) < h(P) + 2e

Proof Apply theorem 2.27 and let 7" be the typical set. For all 2" € T,
9—n(h(P)+e) < P(zn) < an(h(]P)fe)7 and 2n(h(P)+e) < Ten < on(h(P)—e)

1. Define the distribution

engny _ [ PEM/P(TY) 2" e TP,
r (z)_{o if2n @ T,

From comparison of definitions, Fjorm, P (") € B<"™(P).

9-n(h(P)~0)

HS™M(PY™) > —log < 00 ) = —1log 2 ")) 1og P(T7) = n(h(P)—e)+log P(T")

So

he (P) = lim 1 inf A" (Q) > lim l(n(h(]P)—6)-Hog]P(TE")) = lim (h(P)—¢) > h(P)—e.

n—oon Q n—oo n, n—oo

2. Let Q € B<"(P).
From the definition: )., Q(2") > 1 —¢

S e+ Y Qe =1

el ZngTh
> QE") =12
el

If n is large enough and € < 1/2, 1 — 2¢ > 27",
Then

Z Q(zn) >1-2 >2" = 2—n(h(IP)+2e)2n(h(IP)+e) > 2—n(h(IP)+25)#T€n
ZnerT
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SO

(P20 o Zozmery RED " \
’ S g S R QED smaxQE)

€

and
—logmax Q(z") < n(h(P) + 2¢).

So for all Q € B"(P), we have H%(Q) < n(h(P) + 2¢). Hence H'(P) <
n(h(P) + 2¢) and hS (P) < h(P) + 2e.

4.4 Quantum case, truncation ball, indirect proof

We prove the quantum case by reduction to the classical case, using the lemmas
from section 3.2.

p is the distribution being considered. There are n stationary ergodic repetitions
(n)
P\,

Let A; be the eigenvalues of p(™.

Define furthermore

Theorem 4.5 s§(p) is close to s(p): for all 0 < € < 3:

1. s5(p) < s(p) + €

2. s5(p) = s(p) —2€

Proof
From the definitions S(p™) = H()), so s(p) = h(}).
Firstly, use lemma 3.7 to get

Se(p™) = inf So(o) = inf Ho(u) = Hs(})

aeBe(p(n) HEBE(A)
Then also
so(p) = limp—oo S§(p™)
= limp—oo HG(A)

= h§(d)
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And the classical h(A) —2e < h§(A) < h(A) + € gives s(p) — 2e < si(p) < s(p) +e.
O

Theorem 4.6 s<(p) is close to s(p): for all 0 < e < 3:

1. s5(p) = s(p) — €

2. 55, (p) < s(p) + 2¢

Proof
From the definitions S(p™) = H()), so s(p) = h(}).
Firstly, use lemma 3.7 to get

S (p™) = inf Sy(o)= inf Hs(p) = HS (A
(»™) ., (o) N (1) (2)
Then also
S5o(p) = limpoo Sgo(/)(n))
= limy, 00 HS(A)
= h5(Q)

And the classical h(A) —e < hS (A) < h(A) 4 2€ gives s(p) —e < s5.(p) < s(p) + 2e.
(]

4.5 Quantum case, trace distance ball, indirect proof

The same proof also applies to the trace distance ball, except that the classical
statistical distance ball must be used instead of the classical truncation ball.

4.6 Quantum case, truncation ball, direct proof

We also prove the quantum case with the truncation ball without using the lemmas
from section 3.2. The proof goes the same way as 4.2.

p™ is the sequence of density matrices being considered; it is stationary and
ergodic.

Define furthermore

and
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Theorem 4.7 s{(p) is close to s(p): for all 0 < € < %

L. si(p) < s(p) + e

2. s5(p) = s(p) — 2

Proof Use the quantum AEP (theorem 2.30). Let n be an integer such that the
AEP holds (i.e. n is greater than or equal to the N given by the AEP) and

1—2e>27" and let Z(n) be the corresponding typical subspace.

1. Define the matrix

P = p P .

Then 0 < pen) < p™ and tr(pgn)) >1—¢ s0 pgn) is in the truncation ball
around p(™, and S§(p(™) < So(pgn)).

From the definition of Rényi entropy:

So(p™) = log rank(p{™)

Because the rank of a matrix product cannot be more than the rank of a
factor:

log rank(p{™) < log rank(P_(n))

Because PT(") is a projection with eigenvalues 0 and 1 only (theorem 2.4):

log rank(PTEm)) = log tT(PTE(n))

From the properties of the typical subspace,
log tr(P?;<”)) < log 2"(s(P)+€)

So
S5(p™) < n(s(p) + ).

and

2. Let o™ € BS(p™).
From the definition: tr(¢(™) > 1 —e. Then tr(c™ Pru) + tr(a™ (I —
Prm)) 21—
Note that tr(p™ (I — Prw))) < e. Use p™ — o™ > 0 with the fact that
I — Py is a projection, then (p n — oMY (I - Prmy) > 0.
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So tr(c™ (I — Prw))) < € and

tI‘(O'(n)PT(n)) >1—2e.

If n is large enough and € < 1/2, 1 — 2¢ > 27",

9-n(s(p)—¢)

Then
> on(s(p) (n
> max (P
SO
(n) p )
)—2¢) e Prm)
on(s(p)=2¢) < )\max(g(m;ﬂn))
< Amax (0(n>PT(7L) )ra‘nk(o—<n) PT(TL))
: CO Y
and

So(c™) = logrank(c™) > n(s(p) — 2e).
From the definition of smooth Rényi entropy,

S5(p™) > n(s(p) — 2¢)

and in the limit

)anm > om0 =20\ o (0 Prny)

= rank(c(™ Pr(,)) < rank(c™)

Theorem 4.8 55 (p) is close to s(p): for all 0 < e < %

1. s5(p) 2 s(p) — €

2. s5(p) < s(p) + 2¢

Proof Use the quantum AEP (theorem 2.30). Let n be an integer such that the
AEP holds (i.e. n is greater than or equal to the N given by the AEP) and

1—2e¢>27" and let ’Te(") be the corresponding typical subspace.

1. Define the matrix

o) 1= o P .

Then 0 < ,oE”) < p(”) and tr(pgn)) >1—¢s0p
around p(™, and S¢_ (p™) > Soo(pgn)).

(n

€

)

is in the truncation ball
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From the definition of Rényi entropy and the properties of the typical sub-
space,

Seo(pT) = —10g Amax (pV) > —1log 270~ — n(s(p) — €).
So

S5 (p™) = n(s(p) — o).

and

: 1 € n
s5o(p) = lim —S5 (™) > 5(p) — €.

00
n—oo N

2. Let o™ € BS(p™).
From the definition: tr(¢(™) > 1 —e. Then tr(a(”)PTe(n)) + tr(c™(I —
P?;("))) >1—e
Note that tr(p(™ (I — P?;(">)) < e Use p™ — ¢ > 0 with the fact that
I-— P?;(") is a projection, then (p(™ — a(”))(I — P?;(”)) > 0.

So tr(o™ (I — P_m)) < eand
tI‘(O'(n)PTe(n)) >1—2e.

If n is large enough and € < 1/2, 1 — 2¢ > 27",
Then

tr(U(n)PTE(n)) > 1—2¢ > 27" = 2~ n(s(p)+2e)gn(s(p)+e) > 2—71(8(0)+26)tr(p7_€<n))

SO
—n(s(p)+2e) tr(a(n) 75(")> (n) (n)
2 p < < Amax (0 P,].E(n)) < Amax(0).

- w(Ppm) T

For the second inequality, note that (replacing all eigenvalues with the largest
eigenvalue)

O'P,Z.E(n) S Amax(UPTE(n))I
and (multiplying both sides by P and taking the trace)

tr(o_P;E(")) < tr(AmaX(UPZ(n))Pﬂ(n)) = )\maX(UPTE("))tr(PTe(”))'

For the third inequality, note that PTe(n) is a projection, )\max(a(")PTE(n)) <
)\max(o(”)).

Then

Seo (0™ = —log Amax (™) < —n(s(p) + 2e).
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From the definition of smooth Rényi entropy,
S5o(P") < n(s(p) + 2¢)
and in the limit

1
s5(p) = lim —85 (™) < s(p) + 2¢.

o0
n—oo N,
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Chapter 5

Conclusions

In the limit of the number of repetitions n — oo and € — 0, smooth Rényi entropy
is equal to Shannon entropy, for stationary ergodic sources, both of classical and
quantum information.

This means it is possible to use Shannon entropy for asymptotic security proofs of
cryptographic protocols which naturally call for smooth Rényi entropy, also in the
quantum ergodic case. Examples of such cryptographic protocols are information-
theoretically secure key exchange protocols.

The truncation ball is easier to work with than the statistical distance or trace
distance ball, as it is not necessary to normalize elements. Although there is a
difference between smooth Rényi entropy using the truncation ball and smooth
Rényi entropy using the statistical distance or trace distance ball, this vanishes in
the limit for e — 0. Hence, they are effectively the same and the truncation ball
is preferable. There may be other balls with even better properties.

The proofs do not use ergodicity directly, only the AEP. This means that the
theorems also hold for more general information sources which are not stationary
ergodic but do have the AEP property.

The constant 2 in hf(P) > h(IP) — 2¢ in theorem 4.1 and in hS (P) < h(P) + 2¢
in theorem 4.2 can be replaced by any 1 + 0 with § > 0, and also in the other
analogous theorems in chapter 4.

Our theorems do not apply to the conditional case. A good suggestion for further
research would be to extend them to this case. There are complications in the
quantum case; the direct proof for the quantum case (section 4.6) is a good starting
point.

Another suggestion for further research is infinite alphabets (sets Z), which can
bring the definitions based on the two balls closer together and allow more gener-
ality, but cause various complications.
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