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We begin with developing combinatorial and linear-algebraic aspects of linear ordered codes. In
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Chapter 1

Introduction

1.1 Linear Codes

Applications of error correcting codes include a range of communication problems such as noise
reduction in long-haul optical and wireless communication, increasing write density in flash mem-
ory devices, bandwidth savings in the transport layer of networks, and many more. Coding meth-
ods employed in many practical applications map data to code sequences using linear transforma-
tions. Linear codes have an advantage of short description, simple encoding procedures, and in
many cases can be equipped with simple error correction (decoding) algorithms. Families of linear
codes are also often amenable to easier theoretical analysis, and therefore have become ubiquitous
in engineering applications. Moreover, the same set of properties of linear codes has made them
useful in many problems of theoretical computer science and discrete mathematics.

In simple models of information exchange, linear codes have been shown to attain the
theoretical limit set forth by Shannon’s “mathematical theory of communication” [62]. Linear
codes are known to support transmission at data rates arbitrarily close to channel capacity in
symmetric discrete memoryless channels (DMCs) [23, 3], to enable the optimal compression rate
for discrete memoryless sources [19], as well as to support optimal distributed data compression
[64], transmission over simple models of “wiretap channels” [67], generation of secret bits from
correlated random observations [71, 73], and a range of other applied and theoretical problems.

Many decoding procedures of linear codes for basic transmission models such as the binary
symmetric channel (BSC) are based on finding or approximating the member of the codebook that
minimizes the Hamming distance to the sequence received from the channel. The introduction of
the Hamming metric has lead to numerous studies of linear codes and their structural properties,
sometimes motivated by communication problems, while sometimes extending beyond the context
of applications. These studies gave rise to algebraic and combinatorial theory of error correcting
codes that includes numerous sophisticated constructions of codes as well as deep structural re-
sults. At the same time, even though early results in information theory guarantee the existence
of linear capacity-achieving codes, until very recently effective versions of Shannon theorem re-
mained elusive. The first such result was obtained in 2009 with the discovery of the family of
polar codes [3].

This dissertation is devoted to a study of a class of linear codes related to a particular
metric space that generalizes the Hamming space in that the metric function is defined by a partial
order on the set of coordinates of the vector. This metric, called the ordered distance or the
Niederreiter-Rosenbloom-Tsfasman (NRT) distance, initially arose in several independent works
devoted to numerical analysis, communication, and algebraic coding theory [47, 57]. In the first
part of the thesis, we address several structural questions of the theory of linear codes motivated by



this metric, calling them linear ordered codes. In the second part, we define simple probabilistic
channel models that are in a certain sense matched to the ordered distance, and prove several
results related to performance of linear codes on such channels. These results extend the body of
classical results on linear codes to the ordered case. This extension, which covers linear-algebraic
properties of codes and their relations to the theory of ordered matroids, is the subject of the first
two chapters in the main text.

In the third part of this dissertation we study polar codes that are related to the ordered
metric. This study leads to a construction of a family of polar codes that support reliable trans-
mission at rates up to capacity on a nonbinary symmetric channel with input of cardinality ¢ =
2" r =2,3,.... The polarization procedure in this case shows an interesting feature compared to
the basic construction of [3]: the data symbols polarize to many (rather than 2) levels, at the same
time, permitting an easy and compact description of such “extremal configurations.”

1.2 A Theory of Linear Ordered Codes

1.2.1 Linear Codes and Their Invariants

The main aspects of classical theory of linear codes over finite fields (for the Hamming metric)
involve studying their structural properties derived from the distribution of Hamming weights, a
range of related algebraic facts, as well as their performance on communication channels and their
applications in capacity-achieving results for various data transmission and processing models.

We develop elements of this theory for codes in the ordered Hamming space. To define
it, let IF, be the finite field of ¢ elements and let Fév be the vector space of dimension N over
it. Suppose that the set of N = nr coordinates is partitioned into n disjoint subsets. Define the
weight of a vector x € Fév as

n
| = Zmax{j, 1<j<r:imij==aj2=--=a,=0}
i=1

(it is easy to prove that this is a well-defined norm). We call ||x|| the ordered weight of x and
call the corresponding distance the ordered distance. This term is related to a partial order on the
set [N] = {1,2,..., N} and will be made clear below in Chapter 2, where we put this definition
in the framework of poset weights on the space of g-ary vectors. The set IFfIV together with the
ordered distance is called the ordered Hamming space.

The ordered weight was first defined by Niederreiter [46, 47]. These works prompter
Brualdi et al. [15] to define norms associated with general partial orders on [N]. However, most
applications of poset metrics are associated with the ordered Hamming space F;". Codes in Fj"
are used to construct uniformly distributed sets of points in the unit cube for the purpose of numer-
ical integration [46]. Rosenbloom and Tsfasman [57] defined the ordered metric by considering
one generalization of Reed-Solomon (RS) codes. The ordered norm was also used by Massey and
Serconek [43] in their study of linear complexity of sequences. Nielsen [48] considered the or-
dered distance for the analysis of a list decoding algorithm for the RS-like codes of [57]. Currently
the ordered Hamming space and more general metrics on partial orders form the subject of a large
body of literature (e.g., [42, 24, 35, 11, 32,7, 8, 49]).

In this thesis we have pursued a linear-algebraic approach to the enumeration of vectors
in linear ordered codes. It turns out that an algebraically meaningful invariant is obtained if the
codewords are grouped not by the value of their weights, but by certain numerical characteristics
that we call shapes. Taking the perspective of shape enumerators, we examine the MacWilliams



relations as well as related results such as the Greene theorem (a relation known classically to
connect linear codes and matroids). A related set of combinatorial invariants of codes, introduced
by Wei [67] generated much interest in the study of subcode weights and supports of linear codes.
In [67], Wei showed that generalized Hamming weights (or support weights) characterize the
code’s performance for a certain model of a wiretap channel (“Wiretap channel of type 1"’ [50]).
Later, Greene’s results were extended to support weight distributions [6, 12, 13]. We study support
shape distributions in their relation to the Tutte polynomial of matroids. The cornerstone of this
relation is formed by the so-called Tutte polynomial of matroids and closely connected functions
such as the rank-nullity function (the Whitney rank function). We define a multivariable version
of the Tutte polynomial for poset matroids and establish its links with the shape enumerators of
codes.

1.2.2 Information Transmission with Linear Ordered Codes

Until recently, most of the works on ordered codes have focused on combinatorial aspects of the
ordered Hamming metric. There are a few notable exceptions, the most important being the works
by Rosenbloom and Tsfasman [57] and Tavildar and Viswanath [66] (see also [28]). The first
of these papers discussed a setting under which information is transmitted over a set of parallel
channels subject to fading for which the ordered metric is a figure of merit. The second one
independently introduced a closely related model which describes the noise process in an actual
wireless fading system. To describe the model, suppose that the sender encodes a message u into
a codeword vector z € F;" of length N = nr and transmits it through 7 parallel channels to the
receiver. Denoting by y the received N-dimensional sequence, we proceed from observing that
the distance ||y — || is computed blockwise by the r-blocks in the vectors. The distance within a
block is dominated by rightmost coordinate in which y and x are different.

Motivated by this description, we define a class of DMCs in which each r-block is sent over
r parallel synchronized links that are subordinated in the sense that if the ith link is exposed to high
noise in a given time slot, then so are the links 1, . . . , i—1 within the same slot. Thus if (y1, ..., y,)
and (x1,...,z,) denote one r-block of the received and transmitted data, respectively, and the
noise in the channels is confined to erasures, then the typical situation is described by the relations
y1 = --- = y; =/ (the erasure symbol) and y; = x;,7 =71+ 1,...,r.

This channel model prompted us to examine the question of more general channels that can
be associated with the ordered distance introduced above. In the classical setting of symmetric
channels, the Hamming distance serves as a sufficient statistic for optimal decoding of received
patterns in the sense that the closest code sequence is also the most probable one. For the ordered
distance and the newly defined channels, this link is not as straightforward because of the com-
plicated combinatorial structure of the metric; nevertheless, we show that the channel models we
introduce still support one direction of the above correspondence. We also establish a number
of other basic results for ordered linear codes and examine the problem of transmission over the
“ordered wiretap channel.” We establish capacity results for this case as well as the connection
between such channels and support (ordered) weight distributions.

1.3 Polarization of Nonbinary Channels

Polarization is a new concept in information theory discovered in the context of capacity-achieving
families of codes for symmetric memoryless channels and later generalized to source coding,
multi-user channels and other problems. Polarization phenomenon was first introduced by Arikan
[3] who constructed binary codes that achieve capacity of symmetric memoryless channels (and



“symmetric capacity” of general binary-input channels). The main idea of [3] is to combine the

bits of the source sequence using repeated application of the “polarization kernel” Hy = (} (1))

The resulting linear code of length N = 2" has the generator matrix which forms a submatrix of
Gy = H 2®”. The choice of the rows of G is governed by the polarization of virtual channels for
individual bits that arise in the process of channel evolution. More specifically, the data bits are
written in the coordinates that correspond to near-perfect channels while the other bits are fixed to
some values known to both the transmitter and the decoder. It was shown later that polarization
on binary channels can be achieved using a variety of other kernels: in particular, any m X m
matrix whose columns cannot be arranged to form an upper triangular matrix, achieves the desired
polarization [37].

A connection between our studies of the ordered distance and polar codes arises when one
attempts to extend the construction of polar codes to g-ary channels with alphabets other than
binary. We focus on the case of ¢ = 2" (arguably the most important one for applications) and
restrict our attention to the polarization kernel Hs. A number of interesting properties of polar
codes arise when encoding with the matrix G follows the operations in the ring Z, rather than
the field IF,.

Earlier studies of nonbinary polar codes were undertaken in a number of works starting with
the papers by Sasoglu et al. [59] and Mori and Tanaka [45]. For prime ¢, [59] showed that by using
Ho, the virtual channels for individual g-ary symbols after sufficiently many steps become either
fully noisy or perfect, and the proportion of perfect channels approaches the symmetric capacity of
the channel. At the same time, [59] remarked that the transmission scheme that uses the kernel Ho
with modulo-g addition for composite g does not necessarily lead to polarization of the channels
to the two extremes. Rather, they showed that there exists a sequence of permutations of the
input alphabet such that when they are combined with Ho, the virtual channels for the transmitted
symbols become either nearly perfect or nearly useless. The authors of [59] suggested several
alternatives to the kernel Ho that rely on randomized permutations or, in the case of ¢ = 2", on
multilevel schemes that implement polar coding for each of the bits of the symbol independently,
combining them in the decoding procedure. Very recently a class of transformations that achieve
two-level polarization for arbitrary ¢ was found in [60].

Another related work is the paper by Abbe and Telatar [1]. In it, the authors observed
multilevel polarization in a somewhat different context. The main result of their paper provides
a characterization of extremal points of the region of attainable rates when polar codes are used
for each of the r users of a multiple-access channel. Namely, as shown in [1] (see also [2]), these
points form a subset in the set of vertices of a matroid on the set of r users. [1] also remarks that
these results translate directly to transmission over a g-ary DMC, showing that the rate polarizes
to many levels. To explain the difference between [1] and our work, we note that transmission
over the multiple-access channel in [1] is set up in such a way that, once applied to the DMC,
it corresponds to encoding each bit of the g-ary symbol by its own polar code (we again assume
that ¢ = 2"). In other words, the polarization kernel employed is a linear operator G = I, Q@ Ho.
Thus, the group acting on X is IF;Z = Zg X --- X Zsg rather than the cyclic additive group of
order g considered in this thesis. This results in a large number of extremal configurations, which
complicates the actual construction of the codes.

1.4 Contributions and the Structure of the Dissertation

The dissertation is organized as follows. Chapter 2 is devoted to a study of basic properties of
linear ordered codes over finite fields. We begin with describing an algebraic perspective of the



invariants of linear codes in the classical case, including the connection of the weight distribution
of the code and the rank polynomial of the underlying matroid. Developing this link, we define the
Tutte polynomial of a linear ordered code and establish an analog of the Greene’s theorem [29] for
it. An interesting feature of this result is that, unlike its many other versions, we need to consider
a multivariate Tutte polynomial. As a by-product we obtain a new proof of the MacWilliams
theorem for ordered linear codes [42, 24]. We further extend these considerations to higher poset
weights introduced in [8] in analogy to Wei’s work [67] (independently they were also defined
in [49]). In particular, we relate the distribution of higher weights of an ordered code to the
multivariate Tutte polynomial. Using these considerations, we find the higher weight distribution
of ordered Maximum Distance Separable (MDS) codes. Finally, we remark that ordered MDS
codes represent uniform poset matroids, which is an extension of the corresponding result in the
Hamming space. This work is published in [52].

In Chapter 3, we develop the relation of the ordered Hamming space to the context of in-
formation transmission. Using the models in [57, 66] as a starting point, we define the ordered
symmetric channel and the ordered erasure channel which are counterparts of the g-ary symmetric
channel and the g-ary erasure channel, respectively. These channels can be also viewed as vector
channels or as dependent parallel channels. We compute the capacity of the newly defined chan-
nels and show that this quantity is achieved by linear ordered codes. As an application of these
results, we present the parallel wiretap channels which extend the wiretap channel of type I [72]
and type II [50] and show that linear ordered codes attain secrecy capacity of these channels (these
results were previously published in [53]).

In Chapter 4, we study polarization for channels with input alphabet of size ¢ = 2", r =
2,3,.... Suppose that the channel is given by a stochastic matrix W (y|z) where x € X,y €
Y, X ={0,1,...,q — 1}, and Y is a finite alphabet. Assuming that the steps of the polarization
process are performed using the kernel Hy with addition modulo-g, we establish results about the
polarization of channels for individual symbols. A symbol from the alphabet X is transmitted in
each channel use. For the purpose of analysis we represent the symbols as r-blocks of bits and
write x = (x1,29,...,2,),x € X. It turns out that virtual channels for the transmitted symbols
converge to one of r + 1 extremal configurations in which j out of r bits are transmitted nearly
perfectly while the remaining r — j bits carry almost no information, j = 0,1, ..., r. Moreover,
the good bits are always aligned to the right of the transmitted r-block, and no other situations
arise in the limit. Thus, the extremal configurations that arise as a result of polarization are easily
characterized: they form an upper-triangular matrix as described in Section 4.4 (see also Figs.
4.2 and 4.3). This characterization also constitutes the main difference of our results from the
multilevel schemes in [59, 1]; namely, our construction gives rise to a much smaller number and
easier description of the emerging extremal configurations. These results form the subject of the
papers [54, 55, 56].

Another result in this part is related to the question of “controlled polarization.” As noted
above, very recently Sasoglu [60] found kernels that result in polarization to two extremal con-
figurations (fully noisy or noiseless symbols) for general g-ary alphabets. At the same time, the
polarization scheme for g-ary symbols (¢ = 2") based on the Arikan kernel results in  + 1 ex-
tremal configurations of bits in polarized channels. A natural theoretical extension of this result,
supported by applications in video coding, calls for designing polarizing transforms that yield in
a predefined subset of extremal configurations. Answering this challenge, we design polarization
maps that result in polarization to any specified number of levels in the range 2 < k& < 7, at the



same time obtaining a new proof of the result in [60].

Publications: The results of this dissertation are published in a number of papers that
appeared in 2010-2012, see [52]-[56].



Chapter 2
Linear Ordered Codes

In this chapter we develop combinatorial and linear-algebraic aspects of the theory of linear or-
dered codes. In Section 2.1 we recall the setting of the theory of linear codes in the classical case
with an outlook to the case of the ordered metric, which is covered in the subsequent sections.

2.1 Introduction: Linear Codes in the Hamming Space

2.1.1 Hamming Weight

Let F; be the finite field of order ¢ and let X™ = Fy be the n-dimensional vector space over [F,.
A linear [n, k| code C is a linear k dimensional subspace of X™. In the context of information
transmission, a linear code is a linear map C : F’; — Iy which “encodes” k data symbols into n
channel symbols. Below we do not differ between these two definitions, using both as convenient.

Linear codes afford a concise description in terms of their bases and support easily imple-
mentable decoding algorithm based on this description. Moreover, many particular families of
linear codes are based on algebraic constructions (e.g., BCH and RS codes), or are constructed
in terms of bipartite graphs. In both cases, the additional structure gives rise to relatively simple
decoding procedures, making the above two families the method of choice for various commu-
nication systems such as coding for flash memories and hard drives, coding for wireless links,
mobile applications, fixed wireless systems, and many others.

One of the main tools in structural analysis of linear codes as well as in the analysis of their
performance in communication systems is related to the “distribution of weights” in the code. To
motivate it, let dy (-, ) denote the Hamming distance on X' (the number of distinct coordinates).
A transformation g : X" — X" such that d(gx,gy) = d(x,y) for all x,y € X™ is called
an isometry. Isometries of the Hamming space form a group G = &, ! &,, which consists of
permutations of coordinates followed by permutations of symbols in each coordinate. G acts
transitively on X' in the sense that for any @, y there is an isometry such that gx = y. The linear
part of the group is formed by the subgroup GL(X™) = (F;)" x &,, (permutations of coordinates
and multiplications by a nonzero element of the field).

Now let C be a linear code and let S5(x) := {y € C : dy(x,y) = 0} be the set of
neighbors of x in C that are distance § away from it. Since the code is linear, and since the
Hamming distance is translation invariant, |Ss(x)| = |S5(0)|, which is shown by shifting  to the
all-zero vector. Hence the distribution of distances in the code is completely characterized by the
distribution of neighbors of zero. At the same time, we observe that GL(AX™) acts linearly and
transitively on the sphere Ss(0). Therefore, the Hamming weight emerges not only as a natural
metric on X" but also as a natural invariant in the study of linear codes and of the space X" in



general. This point of view will be useful when we develop a similar invariant in the ordered case
in the next section. As will be seen, it is not as immediate as the Hamming weight, and would be
difficult to isolate without considering the action of the isometry group.

2.1.2  Weight Enumerators

2.1.2.1 MacWilliams Theorem. Given a linear code C € X", we define the weight enumerator as
a homogeneous polynomial

Ac(z0,21) = Z A,ngth(ac)Z;th(m)7

xeC

where wty7(-) denotes the Hamming weight. This polynomial depends on one variable u = z1 /2y,
which corresponds to the fact that the action of G on A" is distance-transitive. Letting A,, :=
{x € C : wty(x) = w}|, we can write

n
Ac(z0,21) = Z Az 2.
w=0

A useful point of view is provided by considering duality of linear codes. Let yq () = e2™(@:®)/4,
a # 0 be a character of the additive group Z,. The dual code C* := {x : x(z) = 1 forall € C}
is defined by a subset of the character group. Identifying the dual groups, we can write C+ =
{y € X" : (x,y) = 0forall z € C}. A finite version of the Poisson summation formula yields
the MacWilliams equation:

Acl(20721) = Ac(Uo,ul), (2.1)

where ug = zp+ (¢—1)z; and u; = zp — z1. This equation can be proved using harmonic analysis
on X" (as in the above approach) or using a linear-algebraic point of view as detailed below (both
approaches were suggested in the original paper by MacWilliams [40]).

Observe that a vector € C \ {0} gives rise to a one-dimensional subspace {az, a € Fy}.
Let supp(x) := {7 € [n] : z; # 0} be the support of the vector. Given a subcode A of the code C,
define its support as

supp(A) = Ugea supp(x).

We can think of the distribution of Hamming weights in C as of the distribution of support weights
of one-dimensional linear subspaces of C. Extending this notion, let us introduce the mth support
weight enumerator of C as

j _ n—|supp(A)| _|supp(A)|
A'(jj(z()a Zl) - Z ZO Zl 5
DCC:dim D=m

where the sum ranges over all m-dimensional linear subcodes of C and m = 1,2, ..., k. Support
weight distributions were defined by Wei [67] in the context of communication over a combina-
torial wire-tap channel. MacWilliams identities for support weight enumerators were proved by
Klgve [36] using the linear-algebraic approach. At the same time, support weights do not seem to
afford an interpretation in the context of harmonic analysis.

2.1.2.2 Matroids and linear codes A matroid M is a finite set F together with a nonempty set B
of its subsets, called bases, that satisfy the following property [68]:



(Base exchange property) If A and B are distinct members of B and a € A\ B, then there
exists an element b € B\ A such that (A \ {a}) U {b} € B.

It can be shown that all bases are of the same cardinality, and no base is a subset of another
base. The common cardinality of the bases is called the rank of M. Any subset I C B, B € B
is called an independent set of M. The rank function of the matroid M is defined as p : 2 —
NU {0} where p(A), A C E equals the cardinality of a largest-size independent subset contained
in A.

A matroid is called linear if it can be realized in a k-dimensional vector space IF’;. To
represent the linear matroid M, we choose a basis of the space and a set G of n vectors that
form a k-dimensional subspace. Letting £ = {1,2,...,n}, we take E with the ground set of M.
Suppose that the n vectors are numbered by the elements of . Then we say that the matroid M
is represented over I, if the bases of M correspond to all the k-tuples of linearly independent
vectors out of G.

A connection between matroids and linear codes was developed by Greene in [29]. Namely,
suppose that a matroid M is represented by a linear [n, k] code C. Let E be an n-set of k vectors
such that the k x n matrix formed of them forms a basis of the code C. Define the rank enumerator

of M as follows: i
=Y ) Riz"y, (2.2)
u=0v=0
where
R, ={F C E:|F| =u,rk(F) =v}.

The rank enumerator is related to the Tutte polynomial T, through a change of variables [68, 65]:

Tim(20,21) = (20 — 1) Rpu(z,y),

where 2 = 21 — 1,y = ((20 — 1)(21 — 1)) 7!

Both polynomials contain the same information about the matroid and in this sense are
equivalent.

The Greene theorem [29]. Let Rpq (,y) be the rank enumerator of M~. The Greene
theorem states that

2" *Ac(20, 21) = Rp(,y)

where © = (29 — z1) /21,y = 1/q.

The linear-algebraic content of the MacWilliams equation is related to the concept of the
dual matroid. The dual matroid M- of the matroid M is defined on the same ground set E as M
by the condition that the bases of M are given by the complements of the bases of M. A simple
linear-algebraic argument shows that

1
Ry (w,y) = a"y"" kRM( ,y>
Combining these two equations, we can recover the MacWilliams relation (2.1).

This theorem was generalized to support weight distributions in [6]. Namely, let

m—1

Dl(z0,21) = Z (ZAJ H 7 —q )) oA,

w=0 m=0

where A{U is the number of j-dimensional subcodes of C' with support of size w. For all j > 1,
we have

27"q DL (20, 21) = Rpa(z,y),
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where = (29 — 21)/21,y = 1/¢’. Later this theorem was generalized in several other related
ways; see Britz [12, 13]. Recently, Jurrius and Pellikaan [33] wrote an extensive survey on support
weight enumerators of linear codes and the Tutte polynomial of matroids. Duursma [25] studied
the rank polynomial for a matroid and two-variable zeta functions for codes and established a
relation between them which also includes Greene’s theorem.

2.2 Ordered Hamming Metric

In the remainder of this chapter we develop an extension of the properties of classical linear codes
discussed in the previous sections to the setting of the ordered Hamming space.

We begin with the definition of general metrics on partially ordered sets (poset metrics)
[15]. Denote by E a finite set of N elements that will correspond to the coordinate set of a linear
code. Let P be a partial order < defined on E. We call the resulting structure a poset and denote
itby P = (E, P). An order ideal is a subset I C E such thatif i € I and j < i then j € I.
The set of all ideals of P will be denoted by Z(P). For a subset A C E let (A) = (\;5,1 be
the smallest-size ideal of P that contains A. Following [15], define the poset weight of a vector
T e Fév as the cardinality of the smallest ideal that contains all the nonzero coordinates of x :

wtp(x) = [(supp(x))|.

It is easy to see that the poset weight satisfies the triangle inequality. The distance dp derived from
wtp is called the poset metric on ]Fév .

The Hamming metric corresponds to P being a single antichain (all the coordinates are
incomparable). Below we are mostly interested in the Niederreiter-Rosenbloom-Tsfasman (NRT)
metric which is obtained if N = nr and P is taken to be a disjoint union of n chains of length 7:

E=U,U---UU, (2.3)
Uil =ri=1,...,n; U;NU; = 0if i # j; (2.4)
Usj 5 =< gt 5/ iff 1 = i/ andj < j/.

Below we call the corresponding distance the ordered metric, and call Fj" the ordered
Hamming space. Our main object of study in this chapter is codes and coding for the ordered
Hamming space.

Let E be the set of code’s coordinates, and let P be the NRT partial order on E given as in
(2.3). Call a subset X C FE left-adjusted (l.a.) if it is an ideal in P. Thus, the ordered weight of a
vector equals the size of the smallest 1.a. subset that contains its support.

The dual poset P on the set E is identical to P except the fact that the order is inverted:
x < yin Pt if and only if y < z in P. This definition is standard in combinatorics, but in
our context it is additionally motivated by the duality of linear codes and the associated duality of
association schemes related to the metric spaces. The dual space of P is written as P+ = (E, P1).

We consider linear codes in the space Fév . As before, the code C* which is dual to a linear
code C C Fév is defined using the character group of Z,. We can write

ct={yc Fév :(x,y) =0forallx € C}.
Importantly, the distances in the dual code are measured with respect to the dual poset P+. This

makes the theory of linear codes consistent in a number of examples including the ordered Ham-
ming space. The general situation was examined in [9], where some relations between dual codes
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and dual posets were characterized in terms of association schemes. Without going into these
details, we refer the reader to Delsarte’s work [20] which was the first to define duality of linear
codes in an algebraic way. A detailed description of this theory is given in [14]. It was further
specialized for the ordered Hamming space in [42] and [7].

Now let us determine the invariants of linear codes in the ordered Hamming space that are
likely to have properties analogous to the properties of the Hamming weight and related quantities
considered above. For this, we use the insight developed in Sect. 2.1.1. It will become apparent
that the ordered weight is not a good choice because the linear group of isometries of the ordered
Hamming space is not transitive on spheres of a given (ordered) radius around zero.

Groups of linear automorphisms of poset metric spaces were computed in [S1]. They are
formed of poset automorphisms combined with linear transformations of the space that preserve
the P-support of vectors. For the ordered Hamming space, the group of linear isometries GLp =
T(q,r) ! Sy, where T'(g,r) is the group of upper triangular matrices over [, with nonzero main
diagonal and G,, is the permutation group on n elements. Clearly, &,, is the automorphism group
of the NRT poset P while T'(q, r) preserves the ideals (the P-supports). A linear isometry acts by
permuting the chains and multiplying the subvectors on each r-chain by triangular matrices.

To define the appropriate invariant, we need to describe the “sphere” S, around zero on
which GLp acts transitively, i.e. each vector £ € S, is moved to any other vector y € S, by an
appropriate element of the group. For

T = (T11,. - T1ri 215+ - s X205+ - Ty - - - 5 Ty
define the shape of  with respect to P as an r-vector e = (e, e, - - , €,), Where
e; = [{U; : max(l: x5 #0) =14, 1 <i<n}|

(see (2.3)). We denote the set of vectors of a given shape e by S, and observe that the action
of GLp is transitive on S.. At the same time, it is easy to see that the action of GLp is not
transitive on vectors of the same weight (it suffices to take two vectors of equal weights, but
different shapes). We conclude that the theory of linear codes should be developed for shapes and
their enumerators.

The above definition extends in an obvious way to the shape of an ideal I € Z(P). We use
the same notation shape(I) to refer to the shape of /. Thus, shape(x) = shape((supp(x))).

In conclusion, we have a few remarks on notation. For a shape vector e = (eg, €1, - ,€,)
we denote by é the shape obtained by setting ¢; = e,—;, ¢ = 0,--- ,r. For brevity we write
le| = >, e; and denote ey = n — |e|. We also use the notation |e| = >, ie;. It is easy to check
that wtp(x) = |e|” where e is the shape of a vector . We also use the notation f < e, where f
and e are shape vectors, as a shorthand for the following set of conditions:

f?“*l+1+"'+f’r‘§€T7l+1+"'+67‘7 1:17"'7T- (25)

2.3 Linear Codes and Shape Enumerators

Let " be the ordered Hamming space. An (nr, M, d) ordered code C C Fy” is a subset of M
vectors in [Fj" whose ordered distance between any two distinct vectors in C is at least d. A linear
[nr, k, d] ordered code C is a linear k-dimensional subspace of the ordered Hamming space. We
begin with an example of a family of linear ordered codes.

Example 2.1 (Ordered RS codes [57]) Let Fi, = {f € Fylx],deg f < k — 1} be the set of all
polynomials of degree less than k over F,. Let P = {p1,...,pn} C F, be a set of points in F,.
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0O I 1 0 O
I 1 0 0 O
I 0 0 1 O
I 1 0 O 1 |n
0o 0 o0 o0 o
0O I 0 1 O
I 0 1 0 O

Figure 2.1: A vector in the NRT metric space Fy",n = 7,r = 5. The shaded area
represents the smallest ideal which contains the support of this vector. The support of
this vector is (0, 1,2,2, 1).

The usual RS codes are defined through evaluations of the polynomials from F at the points in the
set P. The ordered version of RS codes is obtained if together with the values of the polynomial f
we evaluate the values of its first r — 1 derivatives at each point of P.

Let f =" <o fs2®, f € F and let flil(z) = dos>ifs (j)xs_j denote its jth order hyper-
derivative. Let us define the evaluation map eval(f) that maps f to a vector ¢ € Fy" as

f=ec= (11, s Clrse ey CnlyesCnpr)

where c; j = fI'=3(p;). An [nr, k] ordered RS code is defined as

C = {eval(f), f € Fi}.

It is not difficult to check that the minimum ordered weight of the above code is nr — k + 1 which
meets the (ordered) Singleton bound. Therefore, the ordered RS codes belong to the class of MDS
codes in the ordered metric. Properties and decoding of ordered RS codes are studied in [57],
[48].

In accordance with the discussion earlier in this chapter, we define the dual code C- of a
linear code C as the set of vectors {x € F" : Ve ec Zz  TijCij = 0}. The distances in the code C*

follow the structure of ideals of the poset P+. The metric spaces P = (E, P) and P+ = (E, P1)
are isomorphic linear spaces, and the isomorphism preserves the distance. The weight function in
P is defined as follows:

n
thJ_(m) = Zmin{j Xl = Tig = = L1 = 0}, T € IF:;T.
=1
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Let C be a linear ordered code. Following the previous section, we will be interested in the
the shape enumerator of C, defined as follows:

A(ZO, Z17 N 727_) — Z ZShape(m)

xeC

€ € €Er
= E A2zt - 20T,
(&

Here on the first line, z = (zo, z1,...,2,) is a vector variable which agrees with the detailed
expression on the next line, and A, = |{x € C : shape(z) = e}| is the number of vectors of
shape e in C. The sum on e extends to all partitions of a number n’ into a sum of r parts, for all
n <n.

Let us introduce some notation related to linear codes. Let .S be an ideal in P. Let Cg :=
projgC and C% := {c € C : ¢, = O forall e € S¢} The subcode C* is called the shortening of C
and the subcode Cg the puncturing of C. While these operations are defined for any subset of E,
in the context of our study we restrict them to ideals. By G and H we denote a generator and a
parity-check matrix of a linear code C. For S C E we denote by G(S) a submatrix of G formed
of the columns indexed by the elements of S.

The following lemma is obvious.

Lemma 2.1 Let a code C be a linear ordered code. Then the followings are true:
1)Cs 2 C/C5; dimCs = k — dim C*",

2) dim C® = | S| — rank(H(S)),

3) dim Cg = rank(G(95)).

2.3.1 Multivariate Tutte Polynomial

The Tutte polynomial was originally defined for graphs as an invariant that encodes information
about the number of various subgraphs such as cycles etc. Crapo [17] generalized the definition
of the Tutte polynomial for matroids. For linear codes, the Tutte polynomial contains information
about the support weight distribution as well as other numerical invariants of codes. In this section
we extend this concept to the case of ordered linear codes.

We begin with a general definition of the Tutte polynomial recently introduced by Sokal
in [65]. Let M be a matroid with ground set £ = {1,..., N} and the rank function p : 2 —

7+ U {0}. Letv = (v1,...,vn). The multivariate Tutte polynomial of M in variables v, g~ ! is
given by
Zm(gv) =Y g "9 ] vs (2.6)
SCE seS

By Z .. we denote the Tutte polynomial of the dual matroid (it is obtained upon replacing p in
the above definition with the dual rank function pL). By [65],

Zpr (a.0) =P (T] 2)2(2) @.7)

seEq v
where q q
/- ZroT(E)
o) =2 "I
SCE seS

In the situation of interest for us, the matroid M is represented by a linear code C. In this
case p(S) = rk(G(9)), p*(S) = rk(H(S)). Below when we have in mind a pair of codes C,C+,
we write Z and Z instead of Z¢ and Z,. , respectively.
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These definitions are different from usual definitions of the bivariate rank polynomial of a
code (matroid) (2.2), but reduce to them upon putting x = v; = --- = vy and y = 1/q. Sokal
remarks that in several instances the “multivariate extension of a single variable result is not only
vastly more powerful but also much easier to prove” [65]. Our study lends further support to this
observation: the multivariate Tutte polynomial is well-suited to the case of poset structures on the
coordinate set.

2.3.2 The Ordered Case

Let C C FFj" be a linear code with the rank function p(S) = rk(G(S)) and let P be the NRT
order on E. Our definition of the Tutte polynomial of C relies on the following two ideas. First,
we restrict the summation in (2.6) from all subsets of E to the ideals in (F, P). This idea ties well
with the notion of poset matroids below in this chapter. Next, prompted by the shape distribution
of codes, we collapse some of the variables in v.

Definition 2.1 Let z = (z1, 29, ..., z) be a vector variable. Define the multivariate Tutte poly-
nomial of C by
T
Zq.2)=, > a4
e Ser(P) i=1

shape(S)=e

The relation of Z(q, z) to (2.6) is as follows. For a given ideal S we put vy = 1 if s is not a
maximal element in .S and put v; = z; if s is a maximal element in S and has index ¢ in its chain.
Our purpose in this section is to relate Z to the shape enumerator of the code C.

Expanding the ideas of (2.7), we are able to obtain a duality relation for the multivariate
Tutte polynomials of a pair of dual ordered codes.

Proposition 2.1 Let C be an ordered code, C* be its dual code, and Z(q, z) and Z*(q, z) be
their Tutte polynomials. Then
r—1

2
ZJ_(q 21, 2o 2 ) _ qufm‘ZnZ<q qzr—1 4 2r—2 q "z1 q771>
) ) yer oy Rr) — r ) ) ey ) .

Zr Zr Zr Zr

(2.8)

Proof: From Lemma 2.1, we can obtain the term-by-term duality relation. Let A €
I(P1),A¢ = E\ A € Z(P), where the bar above the set reflects the fact that this set is con-
sidered with respect to the dual poset P-. Then

ptA = pA°+|A| - pE. (2.9)
Since this relation can be applied to each term independently, it suffices to prove the claim
for one (arbitrary) pair of subsets (A, A°). Let shape(A) = & = (éy,...,&,). Then shape(A¢) =

e=(ep,e,...,6e,), where

ei=¢e—j 1<i<r—1;e =n-—|e
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and |e|" + |e|" = nr. We have

r r—1
—ptA € _ —pA°—|A|+pE €r—j n—|e
' | BT Hp(Hzi )ZTII
i=1 =1
r—1
_ _pE—nr—pA°+|A°¢| n—er Zr—i\ ¢ (2.10)
=q Zp .

Z
i=1 r

-1
s @ T
" 2y 2 '

i=1

The claim of the proposition is obtained upon summing on all A on the left and all A€ on the

right-hand side. [ ]
Lemma 2.2
Az, 21,y 2r) = Z ArN(f e)(z0 — 21) (21 — 22)" oo (2rm1 — 20) 12,
e.f:f<e

where N(f,e), f < e is the number of pairs (x,S) with shape(S) = e for a given x with
shape(x) = f.

Proof: First, let us consider N(f,e).

N(f.e)

GO

. (er +e—1— fr> <er +er—1+ep_2— (f?" + frl))
B er_fr €T+e7'71_(f7‘+f7'71)
<e7~+~-+eo—(fr+---+f1)>

X oo X
et te—(frt+-+ 1)

ny __ n . . )
where (7) = (61 o eT) is the number of ways to choose r subsets of size e, . .., e, out of an n

set. We have (Z) different sets with shape e. Once the set is given, the number of different vectors
with shape f is (;:) (67'+;::_f7') . (er+"'+e°}gf""+"'+f1)). Finally, since we want to count the
number of pairs (x, S) for a given x, we divide this quantity by (?)
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Now, setting g; = e; + - - - + e, and repeatedly applying the binomial theorem, we obtain
the following sequence of equalities:

SN AN(fie)(zo — 21) (21— 2) L (21 — 2) T
e f<e
ertteg—(frteo+fi)
= ZAJ‘ Z Z Z (
er>frer—12fr+fro1—er elzfr+"'+f1*(er+“'+e2) er Tt “a (f?" oot fl)

X e X (er —i_eer__lf_ fr) (20 —21)% .. (2o — 2,) 712,07
r r
n
SV (”—(fr+ +f1)>(20_zl)ngl
A g~ (et )
gi=fi++fr
g1 gr—1 . f
Z e Z <g7‘1 f T> (Z'I‘—l _ Zr)grfl*grzrgr*frzrfr
92:f2+"'+fr gr:fr gr "
n
SIS D A /AR e
7 _ g1— (fr+-+ f1)
g1=f1++fr
gzl gTZ_Q <g7"—2 - (fr‘ +fr—1)>
92:f2+"'+fr g'rflzf'rfl"!‘fr gT_l N (fr + fr_l)
X (Zr72 _ zr71)9T72_9r71Zrilgrfl_(fr'i‘frfl)zri fr-1 . err

1
—= .. = ZAfZOfO ---Zr_lfT_lszT
f

= A(z0,21,.--,2r)
and therefore the lemma is proved. [ |

Let B. = > s, AfN(f,e). Note that this number B, generalizes results for binomial
moments of linear codes to the ordered case. For linear codes in the Hamming space, binomial
moments were implicitly used in [40], while in [5] they became the central object of study in both
linear and nonlinear settings.

Remark: The polynomial Z can be written in a different form that is analogous to the
Whitney rank function of usual matroids. For an ordered linear code with generator matrix G let
us introduce the shape-rank distribution as the set of coefficients

RY 2 |{S € Z(P) : shape(S) = e,1k(G(S)) = v}|.

Then

k
Z(y™ z) = Z Z RYz % 292 L. 2,5y

e v=0
Using Lemma 2.2, it is possible to relate the shape polynomial to the multivariate Tutte
polynomial.

Theorem 2.1 (Greene’s theorem for ordered codes)

(2.11)

E_n Zp—1 — Zr Rp-2 — Zr—1 20 — 21
A(Z07217"'7ZT’):Q Zr Z<q7 ) PR :

2 Zr 2
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Proof: Consider the set
{(x,A) : A e Z(P),shape(A) = e,z € C*,shape(x) < e}

where A is an ideal. We have the following chain of equalities

STAN(fe) = > e

f<e shape(A)=e

_ Z q\A\frank(H(A))
shape(A)=e

_ Z qk—rank(G(AC))
shape(A¢)=e

k Z q—rank(G(AC))

shape(A°€)=e
k
=" Z qg “RY.
u=0

The second and the third equalities follow from Lemma 2.1 and equation (2.9), respectively. The
last equality can be obtained from the definition of the rank coefficient Y. Next, we invoke
Lemma 2.2 to conclude the proof as follows:

A(z0, 215+, 2r) = Z Z.AfN(f, e)(z0—21)C .. (zr—1 — 20) " 2"

e f<e

k
= Z Z qkfuRg(ZO - z1)60 . (zr—l _ Zr)er—1zrer

e u=0

=4q

k
= Z Z qk—uRg(ZO - Zl)er . (Zfr—l _ Zr)elzre()

e u=0

i k Zp—1 — 2r 1 20 — 21,°
:ZZq*“Rg(zi) o ) oz
T

— z
e u=0 r

€1

k
= N R G

z
e u=0 r q

k_n Zr—1 — 2r 20 — <1
=q zr Z(Q? PR )

T Zr

This theorem enables one to obtain a simple proof of the MacWilliams theorem for linear
ordered codes previously proved in [42] (see also [11, 7]).

Theorem 2.2 Let C C P and C+ C P be dual linear codes. Then

1
AJ‘(uo,ul, CeUp) = MA(ZO,zl, cey Zr)
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where

.
2g =up+(q—1) Zq’flui,
i=1
j—1
Zr—j+1 =uo + (¢ — 1) qu_luk — ¢y, I<j<r
i=1

Proof : From Theorem 2.1 and Proposition 2.1, we obtain the following series of equalities:

AL(“Ovula ceey UT')
—k 1  Ur—1 — Upr Up—j — Up—j41 Up — U1
=q¢" "' Z (q, e s
Uy Uy Uy
Up — u2 Uj — Ujt1 Upr—1 — Uy .7 Uy
:(UO—Ul)nZ(QS Q7"'77]7"'7 " ) qr
ug — U1 ug — U1 ug — U1 ug — U1
1
= @A(zo, ZlyeensZr).
Comparing this relation with (2.11), we find the following relations for the variables 21, ..., 2, :
Zyr = U) — U
Zr—j = Zr—jp1+ (v —uj)¢’, j=1,2,...,r—1;
20 = 21 + urq".
Solving for the z-variables results in the claimed expression. [ ]

This proof is a counterpart of the linear-algebraic proof of the MacWilliams identities for
the usual Hamming space given in [40]. Previous proofs in [11] emphasized the character-theoretic
approach.

The Tutte polynomial for a code in the Hamming metric is usually defined for a different
set of variables [68] in order to express the duality relation in a simpler form. We can do the same
for an ordered code. Let

Tx,y) 2Y . > (@175 = 1) (g — 1) (g — D)5
e SeI(P)
shape(S)=e

To move between Z and T we perform the following change of variables:

qg=(z—1)(yr—1), (2.12)
zZi=i— Dy —1)", 1<i<r-—1, (2.13)
2 = (yy — 1) (2.14)

Then one can check that
T(z,y) = (x — l)pEZ(q,z).

The duality relation (2.8) becomes

Lemma 2.3
TL(xayla e 7y7') — T(yrvnyla O 7y13$)~
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Proof: Again it suffices to prove the relations for any one term of the polynomials. Write
T =z — 1,y; = y; — 1. Let us multiply both sides of (2.10) by 7P E and perform the change of
variables (2.12)-(2.14). We obtain

r—1
L E—pL A~ A—pt AT ~Ei
G E=p y\T |=p Hyz
i=1

r—1 r—1 .
_ apTE+pE—nr+|Ac|—pA° ~ ¢t ~(PE_7”"_PAC+|ACD'H”(n_eT)_Z;:ll 164
=i Ui )i
i=1

r—1
~|A|6—pAC ~pE—pA© et
— glAl°=p grE—r Hy

r—i°
i=1

Now sum on all A € Z(P~) and observe that on the right the sum goes over all A° € Z(P). This
proves the theorem. [ |

This lemma offers an interesting extension of the classical result for the two-variable Tutte
polynomial of usual matroids. In that case we have

TM (Z(), Zl) = TMJ_ (21, Zo).

This relation follows from the above considerations by taking » = 1. At the same time, its
extension to the ordered case is not entirely predictable.

2.4 Support Weight Distributions

There are numerous ways to generalize the weight distribution of codes [12, 13], with the most
inclusive definition suggested recently in [34]. Of these generalizations we isolate the so-called
generalized Hamming weights (or support weights) for linear codes. For the Hamming space
they were defined by Wei in [67]. The reason for us to study support weight distributions is that
they extend the linear-algebraic approach adopted in this chapter. Wei’s result has attracted much
attention and was generalized in several ways. For example, Klgve [36] and Simonis [61] general-
ized the MacWilliams identity for support weights. Barg [6] and Britz [12] sought the connection
between support weight distributions of linear codes and the Tutte polynomial of matroids by
generalizing Greene’s work [29]. Higher weight distributions for the poset case were recently in-
troduced in [8]. In this section we relate higher poset weight distributions to the multivariate Tutte
polynomial of the ordered code.

We remark that paper [67] introduced generalized Hamming weights with no link to the
invariants of linear codes: rather, it was motivated by an application of linear codes in a particular
combinatorial model of the “wire-tap channel” (the so-called wire-tap channel of type II). Fol-
lowing this lead, we will extend this application to the ordered case. It will require us to define
suitable models of communications channels, which is the subject of the next chapter.

Let C C Fy" be a linear ordered code, and let

AV(I)=|{D: D CC,dim(D) = j, (supp(D)) = I}|
where supp(D) = Ugep supp(x) and I € Z(P) is an ideal.

Define ‘ ‘
A= ) A
I:shape(I)=e
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The collection of AZ for all possible shapes e is called the jth support shape distribution of C.
Let us introduce the following notation:

=0 u [u]u
D™(1) = 3 [mluAY(T), m >0
u=0
pr= Y b
I:shape(I)=e
D™(z0, 215+, 2r ZDm oz, om > 0.

These definitions as well as the next result extend the case of the Hamming space [6].

Theorem 2.3

Zr—1 — Ry Zp—2 — Zp_—1 20 — %1

m mk_ n m “T T T T

D™ (z0, 21,y 2r) = q" 2" Z | ¢, , e .
Zr Zr Zr

Proof: Repeating the argument in the proof of lemma 2.2, we obtain the equalities
D™(zg, 21, . . zr)
= Z DIz 2
= ZZD 20 — Zl) (21 — 22)61 .. ( 1 — ZT)eT Lz,

e f<e
Extending the ideas in [61], let us introduce the quantities
= |{X : X C E, X anideal ,shape(X) = e,dimC* = m}|

and A/ = {D : D C C,dim D = j} which is the set of j-dimensional subcodes of C. Consider
the set

{(D,X): D e A’, X aleft-adjusted e-subset of S, (supp D) C X}

Counting the cardinality of this set in two ways, we obtain the equality

Sso- 5[]

f<e =Jj
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This enables us to obtain the following relation between the quantities D? and RY:

SN () = 3 S AN () = 3l 3TN e)A
f<e f<eu=0 u=0 f<e
B m k " - m k " o
—§]mn§ijRé = > il 1| o
u=0 t=u u=0 t=0
m k k. m
NSO EIIES 9 B il I
u=0 j=0 7=0u=0
= . (k j)Ré.
j=0

Comparing the definitions of N." and R{, we obtain N = ng ~". Therefore,

k
D" (20,21, .-, %) = qum(k_])Ré(Zo —21)° (2ol — )T
e j7=0

k
_ i, 20 — Rl.\g Zr—1 — Rpr .\ &
=Y Y IR ()
e j=0 r r

Zr—1 — % 20 — R

__mk_n m ~r—1 T 0 1

=q Zr Z(Q7 P )
Zp Zp

which completes the proof.

The MacWilliams relations for the support weight enumerators of C in the ordered Ham-

ming space take the following form.

Theorem 2.4 Let C C P and C+ C P be dual linear codes. Then

1
(Dm)L(U@?ul;"'auT') |C|mD (ZO,Zl,...,Zr)
where
20 = Ug _|_ Zq i— l)m i
Zr—j41 = tp + ( Zq - Dmuk (j_l)muj, 1<5<r

The proof of this theorem is a simple extension of the proof of Theorem 2.2 which will be omitted.

To conclude this section, we present an application of the above concepts to a particular
family of linear ordered codes. In Example 2.1 we considered a family of ordered RS codes. In
the classical case, the RS codes meet the Singleton bound that relates the length, dimension, and
distance of a linear code, and therefore are called MDS codes. The same applies in the ordered
case (see [57]): an ordered [N = nr, k, d] linear code is called MDS if d = N — k + 1. Below we

compute the support weight distributions of ordered MDS codes.
Let us start with the following straightforward lemma.
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Lemma 24 Let F; = {U : U a subspace of IF’; of dimension l}. Let B be a j-dimensional
subcode of a linear code C of dimension k. For j =0, ..., k, B — Up is a bijection between the
set of j-dimensional subspaces of C and the set Fj,_; where Up € F},_;.

First we prove a result that extends a lemma due to Helleseth et al. [31] to the ordered case
on support weight distributions of codes in the Hamming metric space.

Proposition 2.2 Let C C P be an [nr, k| linear ordered code. Let iy be the largest integer such
that any ig right-adjusted column vectors from the generator matrix of C are linearly independent.

If k — j <1, then
W n k_§T+i(_1)h I\ |k—nr+i—~h
¢ \e h j

h=0

where e is a shape vector with i = |e|’.

Proof: Let S be a set of column vectors of a generator matrix of C, S; C S be a right-
adjusted subset with |Si| =4, and i < j < 4p. And let us define K;(S1) and M;(S;) as follows:

K;(S1) ={U : U C Fu, U is a vector space,dimU = j,U NS = S1}|.
M;(S1) ={U : U C F,U is a vector space,dim U = j,U D S1}|.

‘We have

> Kj(S2) = M;(Sy). (2.15)
S51CS2CS

Here the set S2 does not have to be right-adjusted.
The quantity M;(S1) is the number of j-dimensional subspaces of F » containing the -
dimensional subspace which is spanned by the set S;. Therefore,

= [

For j < ig the quantity K;(.S1) depends only on i for the following reason. First, when
j —1i =0, we have K;(S1) = 1. Arguing by induction, assume that /;(S1) does not depend on
S1forj —i <t If j —i=t, Equation (2.15) becomes

Ki(S)+ > Kj(sz):[kf_q.

—1
S1CS2CS J

Since the size of S is greater than ¢ by the induction hypotheses, all the terms of the summation
do not depend on Sy and thus K;(S1) does not depend on S;. Let us put K;(S1) = K; ;. By a

result in [31]
j—i ) .
nr—i\|lk—i—h
o et
h=0 J
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By the definitions of K ; and Ag and Lemma 2.4, we have that

) (Z) k_:zm(—l)h(;) [k - m~j+ i — h} 7

which completes the proof. [ ]

Finally, consider the case of ordered MDS codes. If C is MDS, then the largest number 7
introduced in the proof of Proposition 2.2 equals k. Therefore, Proposition 2.2 gives the complete
jth support shape distribution of C for 0 < j < k. The cases j = 0,j = k are trivial since the
only subcodes in these cases are the zero-dimensional space and the entire code, respectively.

Appendix: Linear Ordered MDS codes and Poset Matroids

In conclusion, let us discuss one possibility of defining matroids on posets. While there is a
number of ways to generalize matroids from sets to posets [70], the idea that we find useful is to
replace subsets in the usual definition by ideals. This idea underlies the following definition due
to M. Barnabei et al. [10]

Let P be a poset. A filter in P is a complement of an ideal in the same poset. We write
A C P to refer to a subset of F considered with the order inherited from P. The poset matroid M
on P is a family ‘B of filters in P, called bases, satisfying the following axioms:

1. B #0.
2. Forevery By, By € B; B ¢ Bo.

3. For every By, Bo € B and for every pair of filters X,Y of E such that X C By, By C
Y, X CY,thereexists B € B suchthat X C BCY.

As proved in [10], all the bases of M have the same size.

Similarly to usual matroids, it is possible to define a poset matroid via its independent sets.
The family § of all independent sets of a poset matroid M on the partially ordered set P satisfies
the following properties:

1. §#0.
2. If X, Y are filters in P suchthatY € §and X C Y, then X € 3.

3. Forevery X,Y € § with | X| < |V

, there exists y € Max(Y — X)suchthat X Uy € §

where Max(A) = {z € A, x is maximal in A}.

A poset matroid M is called k-uniform if every filter of size k is a base. To describe the
relation between MDS codes and poset matroids, let us begin with the following straightforward
proposition.
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Proposition 2.3 Let P = (E, P) be a poset metric space. A linear [N, k] poset code C is MDS
if and only if any submatrix H(I) has full rank, where H is the parity-check matrix of C and
I € Z(P) is an ideal. If C is MDS in P, then the dual code C* of C is MDS in P~.

Observe that a linear ordered MDS code of dimension & represents a k-uniform poset ma-
troid on its set of coordinates. Indeed, let G be a generator matrix of C. Since C is MDS with
respect to the dual order P, every submatrix G(I),I € Z(P%) has full rank (i.e., has rank
min(|/|, k)). This means that every filter F' € P of size k forms an independent subset with re-
spect to the rank function p(G(+)), and that k is the maximum size of an independent subset. By
the definition of the poset matroid above, the set of all filters (ideals I € Z(P1), |I| = k) forms
the set of bases of a matroid M which is also uniform. Thus, the ordered RS codes of Example
2.1 represent uniform ordered matroids.

At the same time, the link between general linear poset codes and the poset matroids defined
above is not as straightforward. Namely, let C and C be a pair of linear poset codes with respect
to a poset P = (F, P). Suppose that the distance of the code C* is d. Then every submatrix
G(I),I € Z(P*),|I| < d — 1 has full rank, so every such subset will be independent. At the
same time, some submatrices that correspond to larger-size ideals will also have full rank, so it
is not possible to claim that the code represents a poset matroid based only on the cardinality of
ideals.
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Chapter 3

Ordered Discrete Memoryless Channels

In the previous chapter we studied combinatorial properties of codes in metric spaces with distance
defined by a partial order on the coordinates. Poset metrics are motivated in part by transmission
over parallel channels in which the noise levels are coordinated in the sense that if in a given time
slot, a link is exposed to high noise, then all the lower-numbered links also experience high levels
of noise. In this chapter we define and study simple probabilistic models of DMCs that model
this definition in information-theoretic terms. Specifically, we introduce “ordered DMCs” which
provide a probabilistic counterpart to the combinatorial constructions of the previous chapter.
These models will also yield simple examples for the construction of nonbinary polar codes in
the next chapter.

3.1 Introduction

Let W : X — Y be a DMC with input alphabet X and the output alphabet ), i.e., a stochastic
map that associates a probability distribution on ) to every element of X'. We assume that both
X and ) are finite sets and write W (y|z) = P(Y = y|X = z), where X and Y are the random
input and output symbols of the channel. Let x = z} = (z1,...,2,) € X" be an input vector
of length n and y = y" = (y1,-..,yn) € V" be an output vector. The channel is described by

memoryless if
n

W (ytley) = [T W iles).
i=1
For a DMC W, the capacity ¥ is given by
¢ = max I[(X;Y).
Px (x)
where (X ;YY) is mutual information between X and Y and the maximum is taken over all pos-
sible one-dimensional distributions on X'.

The Hamming metric on strings over a g-ary alphabet is motivated in part by the model
of the g-ary symmetric channel. Define the g-ary symmetric channel W : X — Y, X =) =

{0,1,...,q— 1} by

1—p, ifx=y
W(y\x)={ » o
—1° ifz #y

The capacity of this channel is 1 — hq(p) where hq(p) = —(1 —p)log, (1 — p) — plog, L5 is the
“g-ary entropy function.”
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Another popular related model is the g-ary erasure channel W : X — Y, X = {0,1,...,q—
1}, Y ={0,1,...,g — 1} U{?} where ? is the erasure symbol, and the transitions are given by

1—¢, ifz=y
W(ylx) =< ¢, ify =7

0, otherwise.

In this case capacity (W) =1 —e.

In both cases, capacity can be attained by performing maximum likelihood decoding of the
received sequence y, under which the decoding result is given by the input sequence x € {0, 1}"
that maximizes the probability W™ (y|x’) over all the possible code sequences x’. Equivalently,
we need to find a codeword « that is the closest to y by the Hamming distance. This covers both
the channel models defined above, where for the case of the erasure channel we simply look for
the codeword that equals ¢y on all the nonerased positions. The goal of this chapter is to define
and study similar channel models for the case of the NRT (ordered) metric. We define the ordered
symmetric channel (OSC) and the ordered erasure channel (OEC) and study properties of linear
codes when used for communication over them.

3.2 Ordered Symmetric Channel

Suppose that one use of the channel corresponds to transmission of a vector z € [, over r parallel
links. Let e = (eo0,€1,...,¢6.), where 0 < ¢; < 1foralliand ) ;_e; = 1. Let W, : T}, — T},
be a memoryless vector channel defined by
€
¢ Hq—1)
and W, (y|z) = ¢ if y = x. Every row of the matrix of transition probabilities W,.(y|x) contains
one instance of ¢y and qi_l(q — 1) entries of the form % forall2 = 1,...,r, and the
same is true for every column. Therefore, the channel W, is symmetric in the sense of [27]. We
call W, = W, (e) the g-ary OSC. This is also a channel with additive noise, so we can think
of the noise in terms of error vectors. If in a given error vector, the jth symbol in a particular
chain is nonzero, the values of the symbols with indices 1,...,5 — 1 in the same chain are of
no importance, thereby justifying the term ordered. The channel can be also thought of as a set
of dependent parallel symmetric channels because the conditional probability of error in symbol
zj,1 < j < r — 1 depends on the values of errors in higher-numbered symbols within the same
block of r symbols.
Below we assume that

Wi (ylz) = where dp(z,y) =i,1 <i <,

>SS o

€0 > —— = > 2 g -

qg—1 " t(g—1)

This assumption accounts for the fact that correct transmission has higher probability than an error,

and that the transition probability W,.(y|z) is monotone decreasing with the distance dp(z,y).
To underscore the analogy with the scalar g-ary symmetric channel, we let a,b € I, with

a # b and compute the probabilities

3.

€.
Z Wr(y|x) = Pr[y] = baijrl = Tjtlye-sYr = z‘7“|'ZL‘_7 = (I] = %17
yEFZ q
dp(z,y)=J,y;=b
(G=12,...,r).
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11 5 11

Figure 3.1: Ordered symmetric channel with ¢ = 2 and r = 2.

The shape distribution of a linear code (but not the weight distribution) characterizes the
performance of the code on the channel considered. To illustrate this point, let us assume that
shape(y) = e and compute the transition probability from 0 to y :

The above equation shows that the shape of the error vector determines the transition probability
(note that the ordered weight is insufficient for that purpose). The shape distribution can also be
used to compare the transition probabilities of two vectors in some cases as we can see in the
following lemma.

Lemma 3.1 Let W, be an OSC with crossover shape € that satisfies conditions (3.1). Lety, z € F
where shape(y) = e and shape(z) = f with f < e (c¢f. (2.5)). Then, W,(y|0) < W,.(z|0) with
equality if (but not only if) f = e.
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Proof: The probability of transitioning from 0 to y is

)" ()
) () ) )
) ()

67‘71 erfl“’er_frfl_fr < 57'71 )frl < 57‘ )f'r
¢ %(qg—1) ¢ %(qg—1) ¢ Hg—1)

= W,(z|0)

where the inequalities follow from condition (3.1) and the assumption f < e. All the equalities
hold when (Y7, ei) — (X2i_; fi) = 0forall j = 1,...,7 and thus if f = e, then W (y|0) =
W (z]0). This completes the proof. [ |

Proposition 3.1 The capacity of W,.(¢) equals
G(Wi(e)) = (1 = hg,r(e)), (3.2)

where

harle) 2 (Hye) + D cilog, (¢ g~ 1))
=1

and Hy(e) = — > 7i_geilog, &;.
Proof: This is shown by a straightforward calculation:
C(Wr(e)) = max I(X;Y) = max(H(Y) — H(Y|X)),
where Px is a distribution on [Fy. Since the channel is symmetric, the maximum is attained on

uniform Py, so X is uniformly distributed on IF;, and therefore, Y is also uniform. Thus, H(Y")
above equals r. Furthermore,

1

HY|X) = ZPXY w18 B ) Py x (ylz)

.
:—5010gq50—25i10gq —

— ¢ Hg—1)
)+ eilog (¢ (g —1)).
i=1
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This gives (3.2). [ |

Note that for 7 = 1, hg,r(¢) becomes —e1 log, =7 — (1 —€1)log, (1 — 1), and we recover

the capacity formula of the usual g-ary symmetric channel.

Random linear ordered codes. Consider a partition of Fg" x F¢" into disjoint subsets R,
such that (z,y) belong to one subset if and only if shape(x — y) = e. To each subset R, we
associate a complete regular graph R, on |R.| vertices. The degree of the graph R. equals the
number of neighbors of a given point x that satisfy shape(z — y) = e. This number does not

depend on x and equals
Ve = (n> <q P 1)Zi:1 eingzl i
e q

where (Z) is the number of ways to choose r subsets of size ey, ..., e, out of an n-set (see also
[8] which developed the graph approach to the ordered Hamming space). Using the Stirling ap-
proximation, we compute

nrhg r(e)

Ve 2 qn(Hq(E)Jer:l eilogy (a1 (q-1))) — q ,

where H,(¢) is the entropy of the vector (€g,&1,...,&,). We observe that h, ,(c) gauges the
exponential growth of the number of vectors of shape e = (e1n, . ..,&,n) in the space Fy". Asin
the classical case, this estimate is exponentially tight.

Lemma 3.2 Consider the ensemble of linear codes defined by random uniform (nr(1 — R) x nr)
parity-check matrices. Let A, be the number of vectors with shape e # 0 in a linear code C from
the ensemble. We have

EA, = v, - qk’—nr ~ q—nr(l—R—th(a))

Var(A.) < (¢ — 1)ve - ¢"™.
The function A, ,(¢) has a maximum value of 1 when ¢ has the following form:
eo=q¢ ", e=¢"Hg-1), 1<i<r (3.3)

This set of crossover probabilities (“the crossover shape”) accounts for fully random noise and
corresponds to & (W,.) = 0. Vectors generated according to the distribution in (3.3) are uniformly
distributed in the space ;. The typical set for this distribution is formed of the vectors with shape
ne, where ¢ is given as in (3.3), and nearby shapes (in terms of the probability).

We also have the following proposition.

Proposition 3.2 The capacity of the OSC W, is attained by linear ordered codes.

This follows from the fact that random linear codes attain capacity of symmetric channels with
additive noise; viz. Problem 6.13 in [19]. To show this, linear codes are chosen with uniform
probability from the space Fg". The uniform choice can be accomplished, for instance, by select-
ing uniformly random parity-check matrices (the parity-check, or the Elias ensemble) or uniform
random generator matrices (the generator-matrix ensemble). The resulting linear codes are formed
of uniformly random vectors (except for the zero vector). Almost all vectors in such codes, apart
from an exponentially small proportion of them, have relative shape of the form (3.3).
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Figure 3.2: Ordered erasure channel with ¢ = 2 and r = 2.

3.3 Ordered Erasure Channel

Let us consider the channel in which a fraction of the transmitted coordinates in a block can be
lost to erasures. Suppose that the transmitter sends a vector x € I, over r parallel links. Let
e = (eo,€1,...,6r), where 0 < g; < 1 for all ¢ and ZZ g; = 1. We assume that coordinates
are erased according to the NRT partial order: if the ¢th coordinate is erased, then also all the
coordinates j < ¢ in the same chain are erased. For example, if » = 5 and the third coordinate
is the rightmost erased coordinate when an all-zero vector is transmitted, the received vector is
(?7,7,7,0,0), where ? denotes the erasure symbol. This channel model is consistent with the
communication system considered in [66].

Definition 3.1 The g-ary OEC is a vector memoryless channel, W, : Fp — (F, U {?})" where

€0, y=1x,
We(ylz) = . 34
(wle) {Eu Y1 =" =¥ =1 Yit1 = Tix1, Y = T, 1 <0 < S

and W,.(y|z) = 0 if y does not contain any erased coordinates and y # x.

Similarly to the OSC, this channel can also be thought of as a set of dependent parallel channels.
It is symmetric in the sense of [27, p.94].

The capacity of this channel is attained for the uniform inputs, so calculating it is a simple
exercise. Call the (r + 1)-tuple € the erasure shape. We calculate the capacity of the OEC W,.(¢g)
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as follows:

¢ =maxI(X;Y)=max(H(Y) - H(Y|X)) =max H(Y') — Hy(¢).
Px Px Px
By letting Pr[z = v] = p, for all v € F} where v = (v1,v2,...,v;) and v = ¢ v, +
¢" 20,1 + - - - + ¢°v1, we have

qr_l qr71—1

H(Y)=- Z eopi log, eopi — Z (51 Zpl qﬂ) log, <51 Zp’ q—H) —.
i=0 i=0
r—l_l r 1 1

q—1 q
_ Z <5T_1 Z pl-,quﬂ») log, <€T_ pz‘,qr1+j> — &, log, &
i=0 j=0

J=0

q"—1 ¢ -1
=—€OZPi10gqpi—51 Z (szqH)lqu(szqﬂ)_”'

i=0 i=0 j=0
¢ 1-1 -1

q-1 ,q" q-
_57"—12( Z pi'qT‘lﬂ') lqu< Z pi~q’“‘1+j> + Hqy(e).

J=0 J=0

If X is uniformly distributed on IFy, every term in H (Y") which is dependent on Px has a maximum
value. Thus, the maximum of H (Y') is attained on uniform Px. As a result,

1 1 1
€ = n})z;xH(Y) — Hy(e) = —¢eolog, i e1log, =R gr—1log, 7
=(reo+(r—1e1+-+e—1)=1r—|e|.

Similarly to the case of the OSC, the capacity of the OEC is attained by linear ordered
codes.

3.4 Parallel Wiretap Channels

We consider the wiretap channel model of Wyner [72] in which Alice sends a message M to a
legitimate receiver, Bob through a channel called the main channel, while an eavesdropper, Eve,
tries to obtain information about this message through another channel called the wiretap channel.
The goal of this section is to design a coding scheme under which Alice is able to communicate
messages to Bob both reliably and securely.

This model was studied in probabilistic and combinatorial formulations which are termed
wiretap channel of type I and type II in accordance with references [72, 50].

3.4.1 Wiretap Channel of Type I

The system model is presented in Fig. 3.3. We restrict our considerations to the case when the
eavesdropper’s channel is a stochastic degradation of the main communication channel. This
setting enables us to obtain closed-form results as opposed to a more general formulation of [18].

Suppose that Alice’s messages S;, ¢ > 1 are i.i.d. random variables. A vector of k£ message
symbols S* is encoded into a vector X (we use capital letters to indicate that the vectors are
random variables on their respective spaces). Let W be the main channel from Alice to Bob and

31



Alice Bob

W]
Sk X Y S’k
— | Encoder »  OSC(e) Decoder | —»
osc®) | W,
Z}’l}”
Eve

Figure 3.3: Block diagram of parallel wiretap channels over the ordered DMCs

let T3 be the wiretap channel to Eve. Denote by Y and Z* the random vectors representing the
output of W7 and Wo, respectively.
Reliability is described in terms of Bob’s probability of decoding error and is achieved when

FP.=0

lim
k—oo
where

k
1 A

The security condition is measured in terms of the normalized mutual information between the
message and Eve’s observation. Define the equivocation as the conditional entropy H (S*|ZN).
There are two ways to quantify security: the weak security condition asserts that secrecy is attained
when

1
lim —H(S*|zN) = H(S).
k—oo k
According to the strong security condition [44], perfect secrecy corresponds to the limiting relation

lim H(S*|ZN) = H(S).
k—o0
We use these concepts in the formulation of our main results in this section.

Wyner [71] studied two special cases of the wiretap channel of the kind defined above. The
first case assumes that the main channel is noiseless and the wiretap channel is a binary symmetric
channel. The second one studies the situation when the main channel is any binary DMC, while
the wiretap channel is degraded with respect to the main channel. He proved the achievable rate-
equivocation region and provided the coding scheme for the first scenario based on the random
linear codes that achieves the secrecy capacity of the wiretap channel.

In this section, we extend his result to the ordered case and show that linear ordered codes
can be used to achieve reliable communication over parallel channels in the following situation.
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Suppose that the communication channel between Alice and Bob as well as Eve’s channel are
ordered DMCs, and the wiretap channel to Eve is a degraded version of the main channel. This
can happen, for instance, when Eve’s cost of eavesdropping increases as she attempts to access
channels with higher indices in the set of r parallel channels.

We will use the same notation as above with N = nr. Suppose that the channel from Alice
to Bob is an OSC W, = W, (e) with crossover shape ¢ = (e1,...,¢&,), and the wiretap channel
Wy = W,.(6) (the channel to Eve) is an OSC with crossover shape 6. We will also examine the
case when the OSCs are replaced with OECs, whereby ¢ and 0 will denote the vectors of erasure
probabilities. We compute the capacity of the wiretap channels and show that it is attained by
ordered linear codes. The following theorem constitutes the main result of this section.

Theorem 3.1 Suppose that both the main and the eavesdropper channels are OSCs, namely,
Wy = W,.(e) and Wy = W,.(0) (see Figure 3.3). Let ~y be given by (3.5) and (3.6). Then the
secrecy capacity of the wiretap channel equals

Cs = 1(hgr(7) — hqsr(€))
Similarly, suppose that the channels Wy = W,.(¢) and Wy = W,.(0) are OECs. Then the secrecy
capacity of the wiretap channel equals
= b ~lef

where v = (Y0, - .., r) with ~;’s are equal to (3.7) and (3.8). The capacity in both cases can be
achieved by linear ordered codes.

The proof of this result relies on domination conditions among the crossover shapes, mo-
tivating their introduction earlier in the thesis. To begin, we show that a cascade of two ordered
channels is an ordered channel. This is an elementary but tedious calculation that is relegated to
the appendix to this chapter.

Lemma 3.3 Let the channel W* be a cascade of the channels W1 and Ws. If the channel W1 is
an OSC with crossover shape € and Wy is an OSC with 0, the channel W* becomes an OSC with
crossover shape y where

! Eiei
Yo = €0bo + Z m, (3.5)

r

_9§:@+@§:9+937 z:e& (G=1,...,1). (3.6)

—j+1

Similarly, if the channel W1 is an OEC with erasure shape € and W is an OEC with 6.
Then W* becomes an OEC with erasure shape -y, where

Yo = €0, (3.7)
’YjZGjZQ—FEjZHZ‘—}—Ejej, j=1...,r 3.8)

The next lemma establishes the domination conditions.

Lemma 3.4 The vectors € and vy are related by ¢ < 7 (2.5).
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The proof of this lemma is given in the appendix.

Lemma 3.5 Let Wy and Wy be the OSCs with crossover shape € and 7, respectively. If e < ~,
then € (W1) > € (Ws) with equality if e = .

Proof: LetT(z1,22,...,2,) = —xzolnzog—y ;_; z;1n 7= i wherexg=1—-21—--—

Y(g—1)
x,. From the capacity formula (3.2), we can prove the lemma by showing that T'(¢) < T'(~y) for
e <~. Letv = (v1,...,v,) be aunit vector in the direction given by v — . Then (y1,...,7,) =
(e1 + avy, ..., + av,) for some o > 0. Since ¢ < v, we have v,_;41 + -+ + v, > 0 for

l=1,...,r. We find the rate of change of 1" from ¢ in the direction of v as

€0

r
VT -av =« In— ;.
e

Using the conditions on v; for { = 1,...,r above and (3.1), we get
€0 €0
olmh——v1+---+In——-v--——w
- fe =1
e1/(g—1) e1/(g—1)
In—/———~v+---+In—————w
w2/ala = 1) ol -1

r—=2(, _
Z"-Zalngr_l/ql(q 1)
er/q Mg —1)
Since a > 0, qrf;(*q 1_1) > qrf(:] —1y and v, > 0, the last term is greater than or equal to 0. Thus,
T(e) < T(v) aslong as ¢ < ~. Therefore, T'(-) is an increasing function along any path from ¢ to
~and € (W, (¢)) > € (W, (7)), as required where equality holds when o = 0 or e = 7. [ |

Uy

Proof of Theorem 3.1: The general results of [72] with respect to the wiretap channel of
Fig. 3.3 imply that the secrecy capacity of the system is given by

Cs =max[I(X;Y) — I(X;Z)].
Px

Since a channel from Alice to Eve is degraded with respect to a channel from Alice to Bob, the
main channel is less noisy than the wiretap channel. It was shown in [22] that if the main channel
is less noisy than the wiretap channel and I(X;Y') and I(X; Z) are individually maximized by
the same input distribution Py, the secrecy capacity equals the difference between the capacity
of the main channel and the capacity of the wiretap channel. The wiretap channel W* is the
cascade of the channels W, and W,. Then by Lemma 3.3 W* is an OSC with crossover shape
v = (70,---,7), Where the +;’s are given by (3.5)-(3.6). If W5 is noiseless, i.e., §p = 1 and
f; =0fori=1,...,r, then W* becomes the same channel as W;. Otherwise from Lemma 3.4
and Lemma 3.5, the capacity of W* is less than W;. Therefore, the secrecy capacity of parallel
wiretap channels over the OSC is

Cs = %(Wl) - %(W*) = T(hq,r(’y) - hq,r(e))

Now let us show that the secrecy capacity Cs can be achieved by linear ordered codes.
Wyner [72] introduced the basic idea of coding scheme using random linear codes when the main
channel is noiseless and the wiretap channel is a binary symmetric channel. In [16], the authors
showed that the secrecy capacity can be achieved by using random linear codes when both the
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main channel and the wiretap channel are binary symmetric channels. The proof that there exist
secrecy capacity achieving linear ordered codes is an extension of the above works.

To encode a message, we choose g-ary matrices H, H;, and Hy in the following way.
Independently and randomly choose an nr x k; matrix H; and an nr X k matrix H, where

0< k < kq.Let
_ (Hy
H, = (H)

Choosing ko = k1 — k, we observe that Hy is a matrix with nr — kg rows and nr columns.
Note that with probability arbitrarily close to 1, all the rows of Hj are linearly independent. For
arbitrary small § > 0, let

ki =nr|(1— hgr(e) —20)]
ke = nr{(1 — hq,(0) —25)].

Then we obtain

k nr|(1— hgr(e) —20)] —nr[(1 — hqe,(0) —20)]

nr nr
- nr(l —hgr(e) —20) — 1 —nr(l — hgr () — 26)
nr
= Do (6) ~ hyele) — —
@r or nr

and thus for any given o > 0 there exists an integer ng > 1/ra suchthat R > hg . (6)—hgr(e)—cv.
To encode a message s, an output sequence x is chosen randomly and uniformly among the
sequences that satisfy the following equation:

zHI = (HT|2zHT) = (0|s) (3.9)

Since Hy and H; have full rank, this equation is satisfied by 2k2 yectors which form disjoint
subsets for every choice of s. We observe that the linear code C; defined by the parity-check
matrix H; is partitioned into 2k cosets of code Co which is defined by Hs. Thus, Eve can locate
the transmission only up to the coset index, and her uncertainty about the message is log 2.
Informally speaking, this means that Alice is able to transmit securely the message of size close
to log 2%.

To formalize this conclusion and at the same time to argue about the reliability of trans-
mission to Bob, assume that both the legitimate receiver and the wiretapper use the typical sets
decoder. The typical sets for Bob and Eve are as follows:

Té\/((;) = {e: q—m“(hq,r(E)M) <PrlE=¢] < q—m"(hq,r(E)—z?)}?

T}JEVw (5) = {ew : q—nr(hq,r(e)-i—é) < Pr[Ew = ew} < q_"”(hqn'(e)—fs)}’

where e is the error sequence for Bob and e, is the error sequence for Eve and E and E,, are
random variables on their respective spaces. Then, from [16], it can be shown that P, — 0 and the
equivocation ; H(S¥|ZN) — 1 as k — oo with fixed r. Therefore, the above code achieves the
reliability and weak security condition. It was shown in [44] that we can obtain a coding scheme
which achieves the strong security condition from any coding scheme which satisfies the weak
security condition through privacy amplification. Notice that this coding scheme enables us to
achieve the top-left corner in the rate region in Fig. 3.4, i.e. the point R, = R; = Cs.
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Figure 3.4: The rate region of parallel wiretap channels over OSCs

Let us switch to the case of OECs and assume that Eve’s channel is degraded with respect to
the main channel. Similarly to the argument of parallel wiretap channels over the OSC, the secrecy
capacity of the parallel wiretap channels over the OEC is the difference between the capacity of
the main channel and the capacity of the wiretap channel. Let W; = W,.(g) be the main channel
which is the OEC with erasure shape ¢ and let W5 = W,.(0) be the channel from Alice to Eve,
also an OEC with erasure shape 6. The wiretap channel W* is a cascade channel of W7 and W,
which becomes an OEC with erasure shape ~ given in (3.7)-(3.8) in Lemma 3.3.

From Lemma 3.4 we have € < «y as given in (2.5) and thus capacity of two channels W7
and WW* are related by € (W) > € (W*) with the equality when ¢ = . Therefore, the secrecy
capacity of parallel wiretap channels is

Cs=C(W1) —CW") =l -l
and this capacity can be attained by linear ordered codes. [ ]

Furthermore, the following theorem can be readily obtained by extending the results in [72]
and [18]. Let R; be an achievable transmission rate from Alice to Bob. Define Eve’s equivocation
rate as

1
Rey = EH(S’“|Z”T).

Theorem 3.2 The region R which is the set of achievable rate pairs (R1, Req) for parallel wiretap
channels defined above is given by

The rate region of parallel wiretap channels formed of g-ary ordered symmetric (erasure) channels
is given in Fig. 3.4.



3.4.2  Wiretap Channel of Type II

A combinatorial counterpart of the wiretap channel in the previous section was considered in
[50]. In this model, Alice encodes k& data symbols into a codeword of length N and transmits
the coded sequence over a noiseless channel to Bob. An eavesdropper, Eve, is able to observe
any s < N symbols of her choosing noiselessly. Let R = % be the rate of the encoder, let
a = % be the fraction of the encoded bits that the eavesdropper is able to observe, and let A =
% mingcyi,.. N}:|Aj=s H(S*|Z"N) be the normalized equivocation. Here Z; is equal to X; if i € A
and is an erasure if i ¢ A. As shown in [50], the triple (R, «, A) € [0,1]3 is achievable if and
only if

<a<l]l-—
AS{L 0<a<1-R

¢ 1-R<a<l

They also proved that if the triple (R, v, A) is achievable, then there exists a coding scheme using
group codes that achieves the capacity of the wiretap channel.

Later, Wei [67] considered the implementation of this transmission with linear codes, thereby
finding a connection between generalized Hamming weights and the wiretap channel of type IL.
Consider the coding scheme suggested in [50] using an [N, N — k] linear code C. Let H be a
parity-check matrix of a linear code C. There are 2* cosets. To encode a message, Alice chooses
a coset based on the £ bits of information and transmits a codeword & which is randomly selected
from this coset. Bob receives the transmitted vector with no errors. Eve also has full knowledge
of the code C but does not know the location of the vector from the coset.

Let A, be the equivocation of Eve upon observing s symbols of the transmitted codeword.
The quantity A, is given by the following lemma.

Lemma 3.6 [50] Let C be an [N, N — k| linear code and H = (hy, ha, ..., hy) be a parity-
check matrix of this code, where h; is the ith column of H. Assume that s is a message and x
is a codeword and consider the encoding scheme described above. Then the equivocation Ag,
s=0,1,..., N becomes

Ay = min rk(H(A
Mgﬁﬁr(())

where H(A) is the submatrix of H formed by the columns with indices in A.
The outline of the proof is as follows. The quantity H(S*|ZV) is
H(S*|1zNy = H(XN, 8% zN) — H(XN|S*, zN) = N — s — H(XN|S*, Z)

and thus let us compute H(X"|S* ZV). Assume that Eve taps s coordinates of = and denote
the set of indices of the remaining coordinates by A. Given S* and Z%, the remaining unknown
symbols of X are the solutions for x;, i € A of

N
Z hﬂ,’z = S, + Z hlﬂfl

€A 1€AC

where s’ = Hz”. This quantity is known because we know the coset leader of the transmitted
codeword. Since all the solutions of this equation are equally likely, H(XN[S*, ZN) = N — s —
rk(H(A)). Thus Ay = minj4—n_, rk(H(A))

Recall the support weight distributions defined earlier in Sect. 2.1. Consider m-dimensional
subcodes of the code C. The support of a subcode A is the set of coordinates in which at least one
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of the vectors in A is nonzero. Define the m-th higher weight of the code C as the size of the
smallest support of its m-dimensional subcode, m > 1. By Corollary A in [67], we have

dp—s—A, (CJ_) <n—s<dps A1 (CJ_)

For a given s we obtain the normalized equivocation A = %A s- This means that the change of the
equivocation A is determined by the higher Hamming weights of the dual code C, and thus the
distributions of support weights completely characterize the performance of a linear code C on the
wiretap channel of type II.

Consider the ordered version of this transmission: suppose that the eavesdropper observes s
symbols that form an ideal I € Z(P), where P is the NRT poset. Consider a linear [nr, nr — k, d]
code C and suppose that Alice sends a random vector from some coset in " /C. The equivocation
of Eve upon observing the symbols in I equals

A= i K(H(I%),
! ICEI(Pfgl,lﬁllﬂ:nr—sr( ( ))

where H is the parity-check matrix of C. Since I¢ is an ideal in P, the guaranteed gain of
Eve is controlled by higher ordered weights of the dual code C*. This provides a cryptographic
motivation for the study of higher poset weights, previously considered in [8] as a combinatorial
problem.

Appendix

Proof of Lemma 3.3: Let us compute the conditional probability W*(z[z) = >, Wi (y|z)Wa(z|y)
when W; and Wy are OSCs first. If z = x this quantity is

W*(z|z)
= Wi(ylz)Wa(zly)

Yy
= > Wilyle)Walzly) + Y Wilyle)Walzly) + ...

Yy y=z y: dr(z,y)=1

+ Y Wiyl Walzly)

v: dp(zy)=r

€ 0 _ Er 0,

=cobo+(g—1)———— 4 +q Hg—1)—

g—1qg—-1 ¢ Hg—1)¢g (g —-1)

r
ey
25090+ E i 1\
—aHe-1)

When d,(z,z) =j,j=1,...,rand d,(x,y) = k # j the ordered distance between y and z is j
if k < jand k if £ > j. In addition if d,(z, y) = j, the ordered distance d,(y, z) € {0,1,...,j}.
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Thus the conditional probability W*(z|z) becomes

W (z|z)
= Wi(ylz)Wa(zly)
)

J—
= z; 1(y|z)Wa(z|y) z_: ; Wi (ylz)Wa(zly)

+ 3 Y Wyl Walzly) + Z > Wilyla)Wa(zly)
1=j+1y: dr(z,y)=t 1=0 y: d(z,y)=7,
dr(y, z)—z
| i1 N 5.
= gg—"t—c + g —1)— : —
Y@1q—1) Zq (4 )qz‘l(q— 1)¢=q—1)

&; 91' Ej
§ —1) : : 0
+z g+1q o - Dg g1 g1

4 e 0, . c; 9,
+ qul q— 1 ' J ' ? + qul q— 2) — J i J
Z ( )qf‘l(q— 1)g=qg—1) ( )qf‘l(q— 1)¢=Yq—1)

-2 g0 : €ib;
= 0 0;) J .
TP g-1) ZWF%Z “1gi (g — 1)+i§1 d(qg—1)
By setting v to be (3.5) and (3.6) we obtain W*(z|z) =
and W*(z|x) =y if x = 2.
It remains to prove that ~y also satisfies condition (3.1). First let us consider the difference

7.
(i

- 1 16, 101
Yo — —— = g0y — eobh +¢e16p +161) +
q—1 =1 R TR
— b — €169 B eob1 €101
Vg1 g1 (g 1)2
€1 01 €1
:6 — - -
o(€0 q—l) q_l(Eo q—l)
€1 91
= — 0— 0.
- 200 - 20 >
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Vi _
Yg-1)  ¢7(g—-1)

Further for j = 1,...,r — 1, the quantity = is
i __Ti+a
¢ HNg—1) ¢(g—1)

1
= m(QEj(eo +---+ 9]‘_1) + qej(é‘() +---+ 8]‘_1) + quej — Ej+1(90 +---+ 9]‘)
_ 0. oy €Y gj+10j41
pifeo+ - +e5)) ¢ Hg—1)?  (qg—1)?
1
= m((qu —ejr1) (0o + -+ 05-1) + (a0 — bj41) (0 + -+ €5-1)
0505 = el = &05m) = ey (0605 — Eiafin)

= (= ey — ) B0+ 05) + (0 = ety = Opea)(eo -+ 25)

+(q—1)0;(qej — 1) —€j(qb; — 0j41) — O11(qe5 — €+41))
= (e — ) (= Do+ +67) = 6,1)
+ (g0 — 0j+1)((¢ = D)(eo + -+ +&j-1) — &5))
>0

where the last inequality follows from (3.1) for € and 6. Namely,

(¢ =1D(eo+---+¢ej-1)

>e1+(g— 1)1+ +egj-1)
=qe1+(qg—1)(ea+ - +ej1) >e2+(g—1)(e2+ - +¢j-1)
T > Ej.

Next suppose that both channels W and W are OECs. Since some parts of the input vector
of the channel W5 may contain erasures, we extend the definition of the channel W5 and assume
that the erasure of the output of W is the union of the erasures introduced by W; and W. Let =
be the input to the channel W7, y be the output of W; which is the input to W5, and z be the output
of Wy. For example, let y contain one erasure. Then the conditional probability P(z|y) is 0 if z
does not have erasure, 0y + 01 if z = yand 0, j = 2,...,rif 2y = --- = z; =7 and 2; = y;,
t=7+1,...,r.

From the above argument and the definition of the OEC, we obtain Equations (3.7) and (3.8)
in the following way. The conditional probability W*(z|x) becomes £¢fy when z = 2. Assuming

that d,(z,z) = j,j = 1,...,r and the first j entries of z are erasures, we have
W*(z|lz) =Y Wi (ylz)Wa(z|y)
Y

=> Y Wilyle)Wa(zly)

=0 y: dT (xzy) :i’
yi=""

= (50 + - +5r71)0r + (90 +o 01+ 97’)57"
where 3¢ = (y1,...,;) and ? is the erasure symbol. This gives (3.8). [ |

Proof of Lemma 3.4: Let us consider the OSC case first. Since ¢ is crossover shape for an
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OSC, it must satisfy (3.1). The following is a direct consequence of this condition for any j7 > 1.

coter+---+ej> q161+62+'--+6j

q— 1 Ej.
From (3.5) and (3.6) and the above constraint, we obtain

Er

'71“:5r90+"'+5r‘9r—1+(50+"'+5r_q_l)er
25r<90+"'+91‘—1)+57’9r:57’7
where equality holds when 6. = 0. Forany 1 < j <r —1
Vit
r . z—js
= (gt te)lo++0-1) + ) (ot ter— —— —)0;
i=j q =1
T e
:(aj+~-+er)(00+-~+9j_1)+Z(eo+~-+er—qw.(ql_l))ei
=]
T q e
> (g4 .- 0 a0 A . _ -
> (gj+ - +e) (0o + +31)+;(sj+ tert e ql_J(q—l))z

i0; 1”97‘
:(aj+~-+sr)(00+---+9r)+qgaj_1(9j+---+9r)—<€” z +~~-+,5>

_ 0 Or r—j+1

=+ +5r+q_1(q5]71 ;) + +qT*j(q—1)(q €j—1—€r)

&+ ter

and thus we have ¢ < « with equality when 6; = 0 for all ¢ = 1,...,r which means that the

channel W5 is noiseless.
When both channels W and W» are OECs, the quantity 7;, j = 1,...,r given by (3.8),
equals

7j—1 7j—1
Vi = Hj ZEZ'-F&]‘Z@Z' +€j9j
=0 =0

- (5e)(50)- (5 (%)

1
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Thus for any j = 1,...,r, the summation

s (S8 (£ (E

Il
™
&

where equality holds when Zg;& 0; = 1. Therefore ¢ = vif g = land 0; = 0,71 =1,...,r
which means that the channel W5 is noiseless. |
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Chapter 4
Polar Codes for g-ary Channels, ¢ = 2"

In this chapter we study a family of codes called polar codes which achieve the (symmetric)
capacity of DMCs with low encoding and decoding complexity. These codes were suggested by
Arikan [3] for binary-input channels. In this chapter we extend Arikan’s results to the case of
DMCs with g-ary input, g = 2".

4.1 Introduction: Binary Polar Codes

In this section we give a brief introduction to the construction of binary polar codes in [3]. Let W
be a binary-input DMC W : X — ), where X = {0,1} and ) is any discrete set. Let Px be
a probability distribution on X', where X is the random value of the channel input. The capacity
of W is given by maxp, I(X;Y'), where Y is the random variable on )V whose distribution is
induced by Px and W. Let Py be the uniform distribution given by PX(O) = PX(l) = 1/2.
This choice is the maximizing distribution in the capacity expression if the channel is symmetric,
which includes many practically important cases such as a binary symmetric channel. Using Px
in the above expression, we obtain the symmetric capacity of the channel W:

. 1 2o W (y|x)
w)= ;{yze; QW(Z/| ) log %(W(ym) + W(y|1))

Define the Bhattacharyya parameter of the channel by

ZW) 2> /W (ylo)Ww(y|1).
)

Binary polar codes form a family of linear codes whose encoding map is explained through
the following argument. Let u;, us be two bits of data to be transmitted over W. Suppose that they
are transmitted over the channel using the bits x; = u; @ ug and x2 = uy where @ is a modulo-2
summation. We write this transformation as

(x1,22) = (u1,u2)Hs

where the matrix Hy = ( 1 (1)) is called the polarization kernel (see Fig. 4.1). We obtain a channel

derived from two uses of the channel W and given by

Wa(y1, yalut, ua) = W(yilur © uz) W (y2|uz).
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uZ x2 y 2
W >

Figure 4.1: The first level of the recursion step using a kernel Ho.

The capacity of this channel is I(Wy) = 2I(W).
Let U;,Y;,7 = 1,2 be random variables that correspond to the input and the output. Since
Ui and Us are independent, we have

I(Uy; Y1, Ye) < I(W) < I(Ua; Y1, Y2, Uy).

This defines “virtual channels” for the bits u;,7 = 1, 2 given by

_ 1
W=y, yelun) = D SW(nilu & uz)W (yolua) 4.1)
UEX
1
W (y1, yo, ur|ug) = §W(y1\u1 @ u2) W (y2|ug). 4.2)

We observe that capacity of the channel W™ is greater than I (W) and therefore, capacity of W™
is smaller than I(W).

Iterating this transformation, one can amplify the separation of capacity values which even-
tually “polarize” to almost 0 and almost 1. After n iteration steps we obtain N = 2" channels
W](\;),j =1,..., N where

7 i— 1
Wy ) = s Y WYY el Gw).

uI_HEXN i

(4)

It is shown in [3] that as n increases, the channels W’ become either almost perfect or almost
completely noisy (polarize). In formal terms, for any € > 0

L Hbe {1 € (1 - o))

n—00 on

= 0. 4.3)

To justify this equality, let us recall the setting of [3] for the evolution of the channel param-
eters. This setting will be used in our study of nonbinary alphabets below in this chapter. On the set
Q = {4, —}* of semi-infinite binary sequences define a o-algebra F generated by the cylinder sets
S(biy...,by) ={weQ:w =0y,...,w, = by} for all sequences (b, ...,b,) € {+,—}" and
for all n > 0. Consider the probability space (€2, F, P), where P(S(b1,...,b,)) = 27", n > 0.
Define a filtration 7y C F; C --- C F where o = {0,Q} and F,,,n > 1 is generated by
the cylinder sets S(b1,...,b,),b; € {+,—}. This filtration is used for defining the tree process
associated with the transformation (4.1) -(4.2) and for proving results about the convergence of its
parameters.
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Let B;,i = 1,2,--- be ii.d. {+,—}-valued random variables with Pr(B; = +) =
Pr(B; = —) = 1/2. We obtain a random process on an infinite binary tree whose value after
n steps is given by the random vector B = (B1, Bo, ..., B,,). This process gives rise to a random
process of channel evolution, where in step n we obtain a random channel W5 = WWB1:B2::-.Bn,
Thus, P(W5 = W](\;)) =2""forallv=1,..., N. We will denote the random channel at time n
by W,, = WB. The symmetric capacity of the random channel at time n becomes a random vari-
able that we denote by I,, = I(W?5). We can analogously define a random variable Z,, = Z(W5).
These random variables are adapted to the above filtration (meaning that [,, and Z,, are measurable
with respect to F,, for every n > 1).

To prove (4.3), [3] uses the following sequence of arguments. First, the sequence of ran-
dom variables {I,,F,,n > 0} forms a martingale. Secondly, the sequence of random variables
{Zn, Fn,n > 0} forms a supermartingale. This is proved using the relations

ZWH) = (2(W))*,

Z(W™) <2Z(W) — (Z2(W))*,

Third, Z,, converges a.s. to a (0, 1)-valued random variable. Finally, the quantities /(1/) and
Z (W) are related by the following lemma.

Lemma 4.1 [3] For any binary-input DMC W

2
LW) 2 log iy

I(W)>1—Z(W),

IW) < /1— Z(W)2

This proves the desired polarization for any binary-input DMC.

Paper [3] goes on to discuss the encoding and decoding procedures for polar codes as well
as to establish initial results on the error probability of decoding using a simple recursive pro-
cedure termed successive cancellation decoding. The results on the error probability were later
significantly advanced in [4, 30].

Polar codes represent a significant step in information theory, providing the first effective
version of Shannon’s capacity theorem. The discovery of polar codes generated a significant
amount of follow-up works some of them are mentioned in the next section.

In this chapter we extend the results of [3] to the g-ary case, ¢ = 2". We find that the virtual
channels polarize to r + 1 levels, supporting capacity-attaining transmission over symmetric g-ary
channels.

v

4.2 Prior Work on Nonbinary Polar Codes

A study of nonbinary polar codes was first undertaken by Sasoglu et al. [59]. In this paper, the
authors proved polarization of any g-ary DMC using the basic kernel Hs in the case when ¢ is a
prime number. Moreover, if ¢ is not prime, they proved the existence of a series of permutations
on the input alphabets such that coupled with a kernel Hs, the channels are polarized into two
extremes. However, they stopped short of identifying an explicit transformation for the code
construction. Mori and Tanaka [45] studied the g-ary polar codes using arbitrary kernels, although
their work also did not contain explicit results.

Another study of nonbinary polar codes was performed by Abbe and Telatar [1]. The main
goal of their work is a study of the polar coding scheme for multiple access channels. In this
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scheme, the transmitters encode their messages independently using iterations of the mapping Ho.
In the situation when independent users are merged into a single nonbinary input, [1] implies
polarization of the channels to a potentially large number of extremal configurations. The main
difference between [1] and the work in this chapter is that we use Ho together with addition
modulo ¢ rather than the finite field addition in [1]. This enables us to reduce the number of
extremal configurations and to establish a number of other desirable properties of the construction.
We note that independently a related study was performed in the work by Sahebi and Pradhan [58]
who also observed the multilevel polarization phenomenon for g-ary channels. The motivation of
the approach of [58] relates to a detailed study of linear and group codes on g-ary channels, and is
different from our approach.

Very recently, Sasoglu studied a class of transformations which polarize all i.i.d. processes
over arbitrary alphabets into two-levels. Leveraging his work, in the last part of the chapter we
adjust the polarization map to gain better control over the emerging extremal configurations.

4.3 Definitions

We consider the combining of the g-ary data under the action of the operator Hy, where ¢ =
2" r>2.Let W : X — ), |X| = qbe aDMC. The symmetric capacity of the channel W equals

2o W (y|z)
2> 0. Wy! ngxequ(y\ﬂf)

zeX yEy

where the base of the logarithm is 2. Define the combined channel W5 and the channels W™ and
W by

Wa(yt, yalur, uz) = Wyi|ur + u2) W (y2|uz)

1
W™ (g1, yalun) = Y ~Wa(yn, y2lus, up) (4.4)
UEX
1
W (y1,y2, ur|ug) = 5W2(y1,y2\u1,u2), 4.5)

where u1,us € X,y1,y2 € Y and + is a modulo-¢g sum. This transformation can be applied re-
cursively to the channels W, W resulting in four channels of the form Whibz by by € {+,-}.

As shown in [3], after n steps of the transformation (4.4)-(4.5) the channels WJ(\?) X —
YN x X1 1 <i < N are given by

1
W()(% Juy ) = prE Z W (1 [ur’ G ), (4.6)

N—
uH_lEX @

where Gy = HS™ and W denotes the “Nth degree extension” of W, i.e., W (yf'|2zV)
[T, W (y:|x;). Here we use the shorthand notation for sequences of symbols: for instance, yi’
(y1,92,---,YN), €tc.

For any pair of input symbols z,2’ € X, the Bhattacharyya distance between them is
defined as

(1> 11

yey
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where Wy, . is the channel obtained by restricting the input alphabet of W to the subset {, '} C
X.
Define the quantity Z, (W) forv € X'\ {0}:

1
Zy(W) = o Z ZWipain))-

reX
Introduce the ith average Bhattacharyya distance of the channel W by

1

W) = 5= > z,(W) (4.7)
VEX;

wherei =1,2,--- ,rand X; = {v € X' : wt,(v) = i}. Then

a 1

Z(W) = (@ —1) ;/ Z(Wizary)
Ol &,
=5 ;2 Ziy(W) (4.8)

We define random variables Zy, ;1 , = Z(Wﬁ x,}), Zym = Zo(WB), Zin = Z;(WB)
and other similar random variables analogously to the random variables, I,, and Z, defined in

Section 4.1.

4.4 Channel Polarization

In this section, we state a sequence of results that shows that g-ary polar codes based on the kernel
H) can be used to transmit reliably over the channel W for all rates R < (V). We rely on the
notation and definitions for the evolution of channels given in the end of Sect. 4.1.

Theorem 4.1 (a) Let n — oo. The random variable I,, converges a.s. to a random variable I,
with E(I) = I(W).
(b) Foralli=1,2,...,r

lim Z;, =Zi~ a.s.,
n—oo
where the variables Z; ~, take values in {0, 1}. With probability one the vector (Z; o,i = 1,...,1)

takes one of the following values:

(Z1,00 =0,Z2.00 =0,..., Zr_100 =0, Zr oo =0)
(Zl,oo = 17 ZQ,oo = 07 ceey Zr—l,oo = Oa Zr,oo = 0)
(Zl,oo = 17 Z2,oo = 17 ceey Zr—l,oo = 0, Zr,oo = O)

) ) 4.9)

(Zl,oo - 17 ZZ,oo - 17 B Z’r—l,oo - 17 Zroo - O)

)

(Zl,oo =1, ZQ,oo = 17 R Zr—l,oo =1, Zroo = 1)

)

Let us restate part (b) of this theorem for finite n.
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Proposition 4.1 Let 0 < e < 1/2,5 > 0 be fixed. For k =0, 1,...,r define disjoint events
Bn(e) = {w: (Zins Zaus- s Zon) € Ri )

where Ry, = Ry(e) = (H?:l Dl) X (H;:k_H DO) and Dy = [0,¢), D1 = (1 — ¢,1]. Then

there exists ng = no(e, §) such that P(Uj_o By () > 1 —= 4 for all n > ny.

The proofs of these statements are given in a later part of this section.

We need the following lemma.

Lemma 4.2 Fora DMCW : X — Y with q-ary input X, (W) and Z(W) are related by
27‘
14> 251 Z,(W)

I(W) gim—zi(W)?. (4.11)
=1

I(W) > log (4.10)

For r = 1 these inequalities are proved in [3]. For » > 1 Eq. (4.10) is a restatement of [59,
Prop. 3] using (4.8). This inequality represents the classical fact that the (symmetric) capacity of a
channel is greater than or equal to its (symmetric) cutoff rate. We refer to [3] and [59] for details.
The fact that (4.11) holds for all » > 1 is new, and is proved in the Section 4.11.2.

Inequalities (4.10) and (4.11) imply thatif (Z1,...,Z,) € Ri(e) then [I(W)—(r—k)| <~
where v > max(k+/g, (2" % — 1)eloge).

The following proposition is an immediate corollary of the above results.

Proposition 4.2 (a) The random variable 1, is supported on the set {0,1,...,1}.
(b) For every 0 < k < r and every § > 0 there exists € > 0 such that
lim P({|I, — (r — k)| <6} A By y(e)) =0.

n—o0

where /\ means the symmetric difference of sets.
(c) E({i: Zi oo = 0}]) = I(W).

Proof: The first statement is obvious from (4.10) and (4.11). To prove the second statement we
note that, with the appropriate choice of ¢
{[In = (r = k)| < 0} D Binle)

for all n > 0. At the same time, P({|I, — (r — k)| < 6} N By ,(¢)) = 0 for all k" # k, and
the probability of the disjoint union P(UB}, ,(¢)) — 1 for any € > 0. Together this implies (b).
Finally, we have that E(Io) = I(W). Then use (a) and (b) to claim that E(|{i : Z; c = 0}|) =
SoreokP(Ioo = k) = I(W). [

We can say a bit more about the nature of convergence established in this proposition. Let
us fix & € {0,1,...,r} and define the channel for the » — k rightmost bits of the transmitted
symbol as follows:

_ 1 —
WG = 2 ST Wi, we {0,177

T p—
mEX.mk+1—u

where © = (1,22, ...,2y).
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Lemmad.3 Let V : X — Y be a DMC and let § > 0. Suppose that (Z(V), Zo(V),.. .,
Z.(V)) € Ry(e), for some 0 < k < r. If € is sufficiently small, then I(VI'=*)) > r — k — 6. In
particular, it suffices to take e < 2737,

Proof: We may assume that 1 < k < r — 1. Letu € {0,1}" % 2 = (z1,...,2p,u) € X,2' =
(z),...,2,,u) € X.Letv € {0,1}"~*, not all-zero, and consider

2R ) = S VI VR g+ o)
=3 \/Z S VGV (gl +v)
Y z
< S VGV )
y x

1
= Z Z(Vig a0},

z,x’

where v/ = 0Fvjvs ... v,_j. Next observe that d,.(z, 2’ +v') > k + 1, and that

Zi(V) = w% YN Z(Vawrw) <e

wWEX; TeEX

fori = k + 1,...,r. This implies that Z(V, 1) < 277" 1e < 22~1¢ for any z, 2,0’ of the

chosen form. Now from the above we obtain that Z(V," ¥ ) < 22r+k=1¢ Since Z;(VI—H)
(o)

is the average of the Z(V{[Z;ﬂv}) over all v with wt,.(v) = i, Z;(VI'=H) < 22r+k=1¢ for all
i =1,...,r—k. Now substitute this estimate into (4.10). We note that if ¢ < (2F+9 —1)/237+h=1

(which is true if € < 273" for any § > 0) then I (V") satisfies the claimed inequality. [ |

It turns out that the channels for individual bits converge to either perfect or fully noisy
channels. If the channel for bit j is perfect then the channels for all bits 7, » > i > j are perfect. If
the channel for bit ¢ is noisy then the channels for all bits j, 1 < j < ¢ are noisy. The total number
of near-perfect bits approaches I(W). This is made formal in the next proposition.

Proposition 4.3 Let Q) = {w : (Z1,00, 22,005+ > Zr0) = 1%0"=*} k = 0,1,...,7. For every
w € Qy

lim |1, — I(WI=*h| = o.

n—o0

Proof: For every w € €, we have that I),(w) — r — k. Combining this with the previous lemma
and Proposition 4.2(b), we conclude that for such w also T (Wg_k]) —r—k. [ |

The concluding claim of this section describes the channel polarization and establishes that
the total number of bits sent over almost noiseless channels approaches NI(W).

Theorem 4.2 For any DMC W : X — ) the channels W](\;) polarize to one of the v + 1 extremal
configurations. Namely, let V; = W](\;) and

o i € [N]: [I(Vi) — k| < 6 ATV — k| < 6}
TE,N = N )
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where 6 > 0, then imy_,o0 T Ny = P(Ioo = k) forallk = 0,1,...,r. Consequently as N — oo,

> kmen = I(W).
k=1

This theorem follows directly from Theorem 4.1 and Propositions 4.2 and 4.3. Some exam-
ples of convergence to the extremal configurations described by this theorem are given later.

4.5 Transmission with Polar Codes

Let us describe a scheme of transmitting over the channel W with polar codes. Take £ > 0 and
choose a sufficiently large n. Assume that the length of the code is N = 2". Proposition 4.1
implies that set [N], apart from a small subset, is partitioned into 7 + 1 subsets .Ay, ,, such that for
J € Ay the vector (Zl(W](\?)), ZQ(WJ(\}Y)), e ZT(W](\?))) € Ri(e). Each j € Ay, refers to an
r-bit symbol in which r» — k rightmost bits correspond to small values of ZZ-(W](\Z )). To transmit
data over the channel, we write the data bits in these coordinates and encode them using the linear
transformation G .

More specifically, let us order the coordinates j € [N] by the increase of the quantity

iy 2i_1Zi(W](V3 )) and use these numbers to locate the subsets Ay, ,,. We transmit data by en-
coding messages u{v = (u1,...,un) in which if j € Ay ,,k = 0,...,7 — 1 then the symbol
u; is taken from the subset of symbols of A’ with the first £ symbols fixed and known to both the
encoder and the decoder ([3] calls them frozen bits). In particular, the subset A, ,, is not used to
transmit data. A polar codeword is computed as x3 = uY Gy and sent over the channel.

Decoding is performed using the “successive cancellation” procedure of [3] with the obvi-

ous constraints on the symbol values. Namely, for j = 1,..., N put
Qs — Uyj, ] S Ar,n
J = j Lj—1 .
arg maxy W](\?) (y{V7 u{ |$), RS ngr—lAk,n

where if j € Ay, k =0,1,...,r — 1, then the maximum is computed over the symbols z € X
with the fixed (known) values of the first k bits.
The error probability of this decoding is estimated in Sect. 4.7.

4.6 Proof of Channel Polarization

Part (a) of Theorem 4.1 follows straightforwardly from [3, 59]. Namely, as shown in [3, Prop. 4],
I(W*) + I(W~) = 2I(W). We note that the proof in [3] uses only the fact that uj,uy are
recoverable from x1, x2 which is true in our case. Hence the sequence I,,,n > 1 forms a bounded
martingale. By Doob’s theorem [38, p.196], it converges a.s. in L' (2, F, P) to a random variable
I, with E(Is) = I(W).

To prove part (b) we show that each of the Z; ,,’s converges a.s. to a (0, 1) Bernoulli random
variable Z; .. This convergence occurs in a concerted way in that the limit r.v.’s satisfy the
property that Z; .o = 1 implies Z; .. = 1if j < 4. This is shown by observing that for any fixed
i=1,...,randforallv € &;, the Z, (W) converge to identical copies of a Bernoulli random
variable.
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4.6.1 Convergence of Z,,,,v € X

In this section, we shall prove that the Bhattacharyya parameters Z, , converge almost surely
to Bernoulli random variables. The proof forms the main technical result of this chapter and is

accomplished in several steps.

Lemma 4.4 Let

Then for the channel W we have

ZO DW= 20 DWw)?, j=0,....r—1

max

For the channel W~ we have

Ziax (W) < ZE0(W™) < qZ50 (W)
and generally
j—1
%MWWSHQMWSZ?ﬁﬂ@%M+;4MWW
;:L r—1

Proof: In [59] it is shown that for all v € X'\ {0}
Zv(W+) = ZU(W)2

ZU(Wi) < 2ZU(W) + Z Zu(W)Zv-i-u(W)'
ueX\{0,—v}

4.12)

4.13)

(4.14)

4.15)
(4.16)

The first of these two equations implies (4.12). To prove (4.13) take v € X,.. Then in the sum on

the right-hand side of (4.16) we have that either u € X, or u + v € &, and
Zy(W™) < 2Z,(W) + (¢ — 2) 20 (W),

implying the right-hand side inequality in (4.13).

Now take v € X,_;,j > 1. The sum on w in (4.16) contains ¢/2 terms with u € X, ¢/4

terms with v € &}._1, and so on, before reaching &,._;. Using (4.16), we obtain
ZED W) <2Z,W)+ Y Zu(W) Zy (W)
weW b X,

+ Z ZU(W)ZU+U(W)
ueX, j\{~v}
+ Z Zu(W)Zv+u(W)

—1
UEU::j_’_erfs

Now observe that |X,_s| = q/2°T!. We obtain

Jj—1

max max

20D W) <2200 W) + Y L ZW*NWU+2C£LZ”ﬁNWU—1)

9s+1 “/max
s=0

9j+1 “max
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This implies the right-hand side inequality in (4.14).

For the lower bounds in (4.13)-(4.14), suppose that the largest values of Z,(W ™) and of
Zy(W) for v € X; and some i,1 < i < r are attained for v; and v, respectively. Suppose that
v1 = vy. Note that Z(W&’z,}) > Z(Wygary), which follows from the concavity of Z(W) in W
[3, 59]. Therefore also Z,(W~) > Z,(W) for all v # 0. At the same time, if v1 # v9, then

Zid W) = 20, (W) 2 Zoy(WT) 2 Zuy(W) = ZE(W).

max max

|

In particular, take j = 0. Relations (4.12), (4.13) imply that
Zr(x:;x,n—&-l = (ZI(‘I:Z-)).X,TL>2 if Bn+1 =+ “4.17)
Z8) e min < Q2 i By = —. 4.18)

Iterated random maps of this kind were studied in [21] which contains general results on
their convergence and stationary distributions. We need more detailed information about this
process, and established in the following lemma.

Lemma 4.5 Let U,,n > 0 be a sequence of random variables adapted to a filtration F,, with the
following properties:

(i) Uy, € [0,1]

(i) P(Uny1 = Ug| Fn) > 1/2

(iii) Up11 < qU,, for some number q € 7.

Then there are events S, 1 such that P(Qo U Q) = 1 and U, (w) — a for w € Q4,a =0, 1.

Proof: (a) First let us rescale the process U,, so that in the neighborhood of zero it has a drift to
zero. Let 8 € (0, 1) be such that
¢’ -1<1/4.

Let X,, = UZ. Take 7(w) to be the first time when X, (w) > 1/2. Let Y}, = Xypin(n,7)- On the
event Y, > 1/2wehave Y, =Y, or

E(Yps1 — Y| Fn) =0
while on the event Y;, < 1/2 we have

1

E(Yn—H - Yn’]:n) < (Ynz - Yn) + i(qﬁyn - Yn)

N | =

1

This implies that the sequence Y,,,n > 0 forms a supermartingale which is bounded between 0
and 1. By the convergence theorem, Y,, — Y a.s. and in LI(Q, F,P), where Y, is a random
variable supported on [0, 1]. This implies that EY; > EY,, | EY. Further, if X, € [0, 1/4] then
(since £Yy = E X))

P(Yoo >1/2) <2EY) < 1/2. (4.19)

(b) Now we shall prove that P(Y,, € (0, % —0)) = 0 for any 6 > 0. From (ii) it follows
that P(X,,41 = X2|F,) > 1/2, which implies that

P(Ypi1 =Y2F,) >1/2 onY, <1/2 (4.20)
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for all n > 0. Suppose that Y, takes values in (d,1/2 — §) with probability v > 0. Let A,, =
{w Y, € (6§,b1/2 —0)}. Since Y;, — Y as., the Egorov theorem implies that there is a
subset of probability arbitrarily close to P(A,) on which this convergence is uniform, and thus
P(A,) > a/2 for all sufficiently large n. Therefore

P(|Ypy1 — Yy > 6%/2) > P(Ypi1 = Y2, Y, € (6,1/2 = 0))
> 7,
the last step by (4.20). This however contradicts the almost sure convergence of Y,,.
(c) This implies that P(Ys < 1/2) = P(Y,, — 0) = P(U,, — 0). From (4.19)

1 1\ 3
P(Uy—0) > 5 provided that Up < (Z) v “21)

Moreover, if Uy < (1/2)/# then either Y;, — 0 or Y, > 1/2 for some n. This translates to
P((Uy,, — 0) or (Uy, > (1/2)"/? for some n)) = 1 (4.22)
provided that Uy < (1/2)'/5.

(d) Let § > 0 be such that q(%)ﬂ < 1 — 4 (depending on ¢ this may require taking a
sufficiently small 3). Let L := [0, (1)7 1] and R [1 — 6, 1]. Observe that the process U, cannot

move from L to R without visiting C := ((3)7? ’ ,1 —0). Let 01 be the first time when U,, € C, let
11 be the first time after o1 when U,, € L U R, let o be the first time after 1; when U,, € C, etc.,
01 < n < o9 <ny < ....Weshall prove that every sample path of the process eventually stays
outside C, i.e., that for almost all w there exists k£ = k(w) < oo such that oy (w) = oo.

Assume the contrary, i.e., limg_,o, P(0; < 00) = a > 0 (since P(og11 < o0) < P(og <
00), this limit exists.) We have

[o.¢]
P(E”{::Ukz Z UJ#OO EL, O’j+1:OO)
> aZP Uy, € L, 0j41 = 00|oj # o). (4.23)
7j=1
Consider the process U}, = Uy, +n on the event 0, < oo (with the measure renormalized by

P(o), < 00)). This process has the same properties (i)-(iii) as U,,. Let J = ﬂogQ(% log;_s1/4)],
then 22" € L for any x € C. Therefore, P(U; € L) > 2~ by property (ii). Now consider the
process U’ 1, on the event U /. € L. This process has properties (i)-(iii), so we can use (4.21) to

conclude that for
P(Uy, € Lyog41 = oo|oy # o0) > 9—(J+1)

uniformly in k. But then the sum in (4.23) is equal to infinity, a contradiction.

(e) The proof is completed by showing that the probability of U, staying in R = [0, 1]\ R
without converging to zero is zero. We know that almost all trajectories stay outside C, so suppose
that the process starts in (0, (1/2)'/#). Then the probability that it enters L in a finite number of
steps is uniformly bounded from below (this is shown similarly to (4.23)), so the probability that
it does not go to L is zero. Next assume that the process starts in L, then by (4.22) it either goes
to zero or enters C with probability one. Together with part (d) this implies that the process that
starts in L converges to zero or one with probability one. [ ]
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Lemma 4.6 Let V : X — Y be a channel. Let v,v' € X\{0} be such that wt,(v) > wt.(v'). For
any &' > 0 there exists § > 0 such that Z,, (V) > 1 — &' whenever Z,(V') > 1 — ¢. In particular,
we can take 6 = 6'q 3.

Proof: If wt,(v) = 1 then v = 10...0, so the statement is trivial. Let Z,(V) > 1 — §, where
wt.(v) = i > 2. Then for every pair z,2' = = + v we have Z(Vi, 1) > 1 — ¢, where ¢ =

¢d. Consider the unit-length vectors z = (\/V(ylz),y € V),2 = (\/V(y|2),y € V), and
let 0(z, 2’) be the angle between them. We have cos(0(z,2")) = Z(V{z.)) = 1 — ¢, and so

|z — 2| =2 — 2cos(6(z, 2')) < 2e.
Now take a pair of symbols x1, xo = x1+v" where v’ € Xy, s < i. Since wt,.(v) > wt,(v'),
there exists a number ¢t € X,._; ; such that v" = tv, where the multiplication is modulo ¢. Define

2= (VV{ylr),y € V) and 2 = (VV(ylaz),y € V). Letw; = (/V(ylz1 + jo),y €

V),j =1,...,t — 1. From the triangle inequality

21 = 2zl <[z —wr]l + [lwr —wal + -+ + [Jwe1 = 2]

< V2
< qV/2e.

‘We obtain

Z(Vigy wa}) = cos(0(21,22)) = 1 — V2|21 — 2o
>1—q%
=1—¢%.

Thus we obtain )
ZU/(V) = gz Z(‘/{xﬂz—&-v’}) > 1-— q35

Remark : We can prove the previous lemma in a different way by relating the Bhattacharyya
distance to the ¢1-distance between V (y|x1) and V (y|z2) [54]. Then the estimate § = ¢’q~3 can
be improved to § = ¢’ (2¢) 2.

Lemma 4.7 Forall j=1,...,r
VA NG {C)

max,n max,o0*

where Zl(gix,oo is a Bernoulli random variable supported on {0,1}.

Proof: For a given channel V' denote

ZET(V) = max(Z()

max max

V), ZEE D), ..., ZE) (V).

Eq. (4.15) gives us that ' 4
Zinad W) = (2537 (w))?

max

and (4.14) implies that A A

Zind W) < aZB W),
Hence by Lemma 4.5 the random variables ZI[E;){ &1 are well-defined and are Bernoulli 0-1 valued
as. forallj =0,1,...,r — 1.
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We need to prove the same for Zﬁi";ﬁ &o The proof is by induction on j. We just established

the needed claim for Zﬁf&x,n. For ease of understanding let us show that this implies the conver-

)

gence of Zr(lfa_;n. Indeed, ZI[SQXI,ZQ is a Bernoulli 0-1 valued random variable. But so is ZI(IQX,OO, )
the possibilities are
(zlr=1rl 7z )= (1,1) or (1,0) or (0,0)

max,00? “‘max,o0

with probability one (note that (0, 1) is ruled out by the definition of Zr[ﬂgxl’ﬂ). If ZI(QXQO =1
then Zr(ga:(lgo = 1 by Lemma 4.6 (this statement holds trajectory-wise). If on the other hand, the
case that is realized is (1,0) then Zﬁ’{;}go = 1 by the definition of ZK;X“]. Finally in the case
(0,0) we clearly have that Zg;igo = 0, both holding trajectory-wise.

The general induction step is almost exactly the same. Assume that we have proved the
required convergence for ZI(Ifa_,f),i =0,1,...,5—1. Assume that ZI[SQXJ; ;‘l = 0, then Zr=3) —o.1f
on the other hand, Z,[I’I;)ﬁ; &]) = 1 then either one of Zr(,fa:f)oo, 1 < j equals one, and then Zrﬁf;ﬁ 2,0 =1
by Lemma 4.6, or Zmese = 0 for all i < j, and then Z\imi% = 1 by definition of Z\ay2l.

Now we are in a position to complete the proof of convergence.

Lemma 4.8 Z,, — Z, « a.s., where Z, « is a (0, 1)-valued random variable whose distribution
depends only on the ordered weight wt,.(v).

Proof: Let Qg) ={w: Zﬁngn — a},wherea =0,1andi = 1,...,r, where some of the events
may be empty. For every w € le) ,t = 1,...,7 we have that for any § > 0, starting with some

ng, the quantity Zﬁigx,n > 1 — 4. Thus, for n > ng there exists v € Aj;, possibly depending on n,
such that Z, ,(w) > 1 — 4. Then Lemma 4.6 implies that Z,/ ,(w) > 1 — ¢34 for all v/ € &;, so

Zyn(w) — 1. At the same time, if w € Q(()i) then Z, ,(w) — 0 forall v € Aj. [ ]

4.6.2 Proof of Part (b) of Theorem 4.1

Lemma 4.9 For any i = 1,...,r, the random variable Z; , converges a.s. to a (0,1)-valued
random variable Z; .. Moreover, Z; o = 1 implies that Z;_1 o = 1.

Proof: The first part follows because all the Z,,, v € X converge to identical copies of the same

random variable. Formally, Lemma 4.8 asserts that Z,, ,, — a for every v € &} and every w €
Q((f),a = 0, 1. Hence taking the limit n — oo in (4.7) we see that Z;,, — a on Q,(li) where
rEY ual’)=1.

Let us prove the second part. Suppose that Z;,, > 1 — ¢, then using (4.7) we see that
Zyn > 1— 2i=1¢ for all v € X;. Lemma 4.6 implies that Z,, , > 1 — 23rt+i=le for any v €
X, wt,(v) = i—1, and therefore Z;_1, > 1—2%+"1c Thus Z; ,(w) — 1 implies Z;_1 ,,(w) —

lforallw e Qgi) and all 7. Taking the limit, we obtain the second claim of the lemma. [ ]

We obtain that Z;  is a (0, 1) random variable a.s. and for all 4, and if Z; o = 1 then
Zjoo = 1forall 1 < j < i. Consider the events i) = {w:Ziow=0a},a=0,1;i=1,...,r
‘We have

Vo el® 5. 5wl
vV ol .ol
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We need to prove that with probability one, the vector (Z; o,7 = 1, ..., r) takes one of the values
(4.9). With probability one, Z;. .. = 1 or 0. If it is equal to 1 then necessarily Z, 1 o = -+ =
Z1,0 = 1. Otherwise, Z, o, = 0. In this case it is possible that Z,_1 oo = 1 (in which case

Zr—900="""=Z100=1)0r Zr_1 5 = 0. Of course P(\Ilg_l) U \Ilgr_l)) =1, so in particular

PSSP U@ ey =o.

If Z,_1,00 = 0 then the possibilities are Z,_2 o, = 1 or 0, up to another event of probability 0, and
so on. Thus, the union of the disjoint events given by (4.9) holds with probability one. Theorem
4.1 is proved. [ |

4.6.3 The Case of Finite Code Length

The proof is analogous to the argument in the previous paragraph. The random variable Z,.,, —
Zro a.8. . By the Egorov theorem, for any v > 0 there are disjoint subsets \Tlg) C \I/(r), \TIY) C
\IIY) with P(\Tlér) U \TJY)) > 1 — ~ on which this convergence is uniform. Take ngr) such that

Zrp > 1— e/2% =1 for every w € \flgr) and n > nY). By Lemma 4.6 and (4.7) for every such
wwehave Z;,, > 1 —¢cforalli =1,....,r —1;n > nY). This gives rise to the event B, ,.

Otherwise, let n{”) be such that sup,, Zy.,, < ¢ for w € U and n > n{"”. Consider the events

T c ol G c v with @V UTY) > 1—y on which Z 1, — Zr1.00
uniformly. Choose ngr_l) such that Z, 1, > 1— g/247 =2 for all n > ngT_l) and all w € \Ing_l).
For every such w wehave Z; , > 1 —eforalli =1,...,r —2;n > ngr_l). Next,

PEN\@TV U @NT))) < 2y,

We continue in this manner until we construct all the » + 1 events By, ,,. For this, n should be
taken sufficiently large, n > maxy max(n(()k),ngk)). By taking v = ¢/r we can ensure that

P(UgBg,n) > 1 — 4. This concludes the proof. [ ]

Remark : For binary-input channels, the transmitted bits in the limit are transmitted either
perfectly or carry no information about the message. Sasoglu et al. [59] observed that g-ary
codes constructed using Arikan’s kernel Hy share this property for transmitted symbols only if
q is prime. Otherwise, Sasoglu et al. [59] note that the symbols can polarize to states that carry
partial information about the transmission. In particular, they give an example of a quaternary-
input channel W : {0, 1,2,3} — {0, 1} with W(0[0) = W(0[2) = W (1|1) = W(1]3) = 1. This
channel has capacity 1 bit. Computing the channels W™ and W~ we find that they are equivalent
to the original channel W. The conclusion reached in [59] is that there are nonbinary channels
that do not polarize under the action of Hs.

We observe that the above channel corresponds to the extremal configuration 10 in (4.9)
(the other two configurations arise with probability 0), and therefore has to be, and is, a stable
point of the channel combining operation. It is possible to reach capacity by transmitting the least
significant bit of every symbol.

The paper [59] went on to show that for every n > 1 there exists a permutation 7, : X — X
such that the kernels Ha(n) : (u,v) — (u + v, m,(v)) lead to channels that polarize to perfect
or fully noisy. While the result of [59] holds for any g, in the case of ¢ = 2" this means that
configurations 00...0 and 11.. .1 arise with probability I(W) and 1 — I (V) respectively, while
all the other configurations have probability zero.
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4.7 Rate of Polarization and Error Probability of Decoding

The following theorem, due to Arikan and Telatar [4], is useful in quantifying the rate of conver-
gence of the channels W, to one of the extremal configurations (4.9).

Theorem 4.3 [4] Suppose that a random process U,,n > 0 satisfies the conditions (i)-(iii) of
Lemma 4.5 and that (iv), U,, converges a.s. to a {0, 1}-valued random variable Uy, with P(Us, =
0) = p. Then for any « € (0,1/2)

lim P(U, <27V%) =p. (4.24)

n—oo

If condition (iii) is replaced with (iii') Uy, < U,+1 and Uy > 0, then for any o > 1/2,

lim P(U, <27 ¥") =0.

n—oo
Note that, as a consequence of Lemma 4.5, assumption (iv) in this theorem is superfluous in that
it follows from (i)-(iii).
Processes Zfﬂxm and ZI[Q;%], j =0,...,r — 1 satisfy conditions (i)-(iii) of Lemma 4.5.
Hence the above theorem gives the rate of convergence of each of them to zero. We argue that
the convergence rate of Zr(ga;{,{, j > 1 to zero is also governed by Theorem 4.3. Indeed, let

Q[.Z"j”] ={w: Z}f{;{i{] — a},Qy—j) ={w: Zl(r:;(]),, — a},a =0,1. Then

Q) o o7 and Q9 = lr /7] (4.25)
the last equality because by Lemma 4.6, ZL’{;Z ;Z] — 1 implies Zg;f 21 — 1 on every trajectory.

As a consequence of (4.25) we have that P(Q(()T_j )\Q[[)r_j "1y = 0. Hence P(Z{x2) = 0) =

P(ZK;(];’Q) = 0). Denote this common value by pj. The random variable ZI[S;%] satisfies a

condition of the form (4.24) with p = p;. We obtain that for any a € (0, 1/2)

lim P(Z{7) < 27N = lim P(zZl737) < 27N = p,.

max,n max,n
n—0o0 ’ n—oo ?

Of course if ZI(IT;(J,)I is small then so is every Z,, ,, for v € X,._;. We conclude as follows.

Proposition 4.4 For any o € (0,1/2) andanyv € X;j,j =1,2,...,r

lim P(Zy, <27N%) = p;.

n—oo

This result enables us to estimate the probability of decoding error under successive can-
cellation decoding. To do this, we extend the argument of [3] to nonbinary alphabets.

The following statement follows directly from the previously established results, notably
Proposition 4.2.

Theorem 4.4 Let 0 < o < 1/2. For any DMCW : X — Y with (W) > 0 and any R <
I(W) there exists a sequence of r-tuples of disjoint subsets Ao N, ..., Ar—1,n of [IN] such that

S i n|(r — k) > NRand Z,(W)) < 27N forall i € Ay, all v € U}y, X, and all
k=0,1,...,r—1.

Let
2 {(u),y) € AN x YV A # uf'}
{

&
Bi 2 {(ud,y)) € XN x YN r ol =l A w)
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Then the block error probability of decoding is defined as
P.=P(&) = P( U B;).

’L'E.AQNU“'U.AT_LN
The next theorem is the main result of this section.

Theorem 4.5 Let 0 < o < 1/2andlet 0 < R < [(W), where W : X — Y is a DMC. The
error probability of block error under successive cancellation decoding at block length N = 2™
and rate R satisfies

P.(N,R)=002""").

As a consequence, for every n, there exists an assignment of values of frozen bits such that the
error probability P, = O(27N").

Proof: Let
Eiv & {(Wd, yN)y e &N x YN .
W i ) < W (o ui s+ 0)}-
For a fixed value of a¥ = (ay,as,...,az) € {0,1}* let us define X (a}) = {x € X : 2¥ = a}}.

Notice that the decoder finds 1;, 7 € Ay, v by taking the maximum over the symbols z € X (a’f).
Then we obtain

B; C U Eiv-

vEX(af)

Using (4.6), we obtain

1

IN

1 W(i)(yN,ui_l\ui + )
Z 7WN(y{V‘u]1V> - (Z-)l Nl i—1
q Wy (y1" s vy |ug)

'UGX(a’f) {V
1 0)
= Z ZQZ(WN,{ui,um})

vEX (ak
Thus the decoding error is bounded by
P(&) < 3 S z.w).
i€ Ao, NU-UAr_1, N vEX (k)

By Theorem 4.4, for any R < I(W) there exists a sequence of r-tuples of disjoint subsets
Ao N, ... Aro1 N with Zk |Ak,N‘(T — k) > NR such that

> > Zu(Wy) < gn2V

i€ Ao, NU-UA, 1 N vEX (af)

and thus we obtain that P(€) = O(2=N"). [ |
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4.8 Symmetric Channels

So far we have proved that polar codes achieve the symmetric capacity of any DMC. The proof

is based on the fact that the input sequence u]lv is uniformly distributed over {0,1,...,q — l}N .
However, when encoding codewords, we fix the values of the frozen bits and therefore the vector

ud is no longer uniformly distributed. In this section, we prove that if the channel is symmetric,

the probability of decoding error does not depend on the values of the frozen bits. We give a brief
introduction to the binary case.

Let W : X — Y be a symmetric binary DMC where X = {0, 1}. Then by Proposition 12
and 13 in [3], the channels W (yV |22V, Wiy (y¥ |ul), and WJ(\?) (y, ui ), i =1,..., N are
symmetric. This proves the symmetry property of error events & = {(u{v , y{v ye XN x YNV
wi )(yl ut ) < wi )(y{V ,ut " u; @ 1)} and thus the events &; are independent of the input
ull

Similarly to the above argument, it is possible to show that the choice of values of frozen
bits does not matter if the g-ary channel W is symmetric.

Theorem 4.6 In addition to the assumptions of Theorem 4.5, assume that W is symmetric. Then
for any assignment of values of the frozen bits, the error probability of decoding satisfies P.(N, R) =
O2~N).

Let W : X — ),|X| = ¢ = 2" be a symmetric DMC. By definition of the symmetric
channel, there exists a permutation p, ,» on ) such that W (y|z) = W (p, o (y)|2’) for all z, 2z’ €
X,z # 2’ and y € Y. For brevity, let us denote Hfil Pa; .t (i) bY px{v’x,{v(y{\[), where z;, ) €
X for all 7.

The proof of the following statement follows [3, Prop. 12,13].

Proposition 4.5 Let W be a symmetric DMC. Let x1¥ b € XV and yI¥ € Y. The channel
W is also symmetric in the sense that

Wy al) = W (pux v oy (01|21 +67)

where + is symbol wise modulo-q addition.
Let uY ,a € XN and let v} = ul¥ G, and bY = al¥ G . The channels Wy and W( )
forall1 <1 < N are symmetric in the sense that

W (yi i) = Wi (Papy o +bN(y1 )uy” + at),

W (s ul ™ ) = W (0 oy (), 0l + @l i + @)

Proof: The first claim of this proposition is obvious. From this claim, we have Wy (y¥ [ulY) =
Wy 217) = WY (v onv oy (W) 2 +0Y) = W (o oy 4o (y1)|uf’ + af’). To prove
the last statement, let us consider

W N ui ) = e LS W)
N
z+1

1 Ny, N N
=1 Z WN (e ov oy (91 [ur +a1)
u

= W](\;) (pm{V,x{\’-i-b{V (y{\f)’ ui_l + azi_l‘ui + a;)
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where the last equality holds because the sum over uyY,; is equivalent to the sum over ul} | + a’

for any fixed al. u

Using this proposition, we now prove Theorem 4.6. First of all, from the symmetry of a
channel W](\;), error event, &, defined in the proof of Theorem 4.5 has the following property:

forany 1 < ¢ < N,v € X, and all ujlv,af/ e xN, y{v € YV, a pair of vectors of symbols

(ud,ylV) € &, if and only if (v} + al¥ s PN 7(x{v+b{v)(yfv)) € &» where 7V = u{'Gy and

bV = aGy. Then,

P& {UY =ui'}) = ZWN (' [ e, , (w1, 97)

= ZWN N oN (y1))|0y e, , (0, PN oN(yl )

N
= P( i,v|{U1 =01}
where the second equality follows from Proposition 4.5 and the symmetry property of error events
and the last equality is due to the fact that sum over 2" is equivalent with the sum over p,, N N (yV)

for any fixed :E{V e XN. This proves that error events &; ,, are independent of the vector of input
symbols.
Now, for any symmetric DMC W and a code with every possible frozen bit assignment, we

have
P = Z P(EUN = ud}) < 3 S z.wy)

i€Ao,NU-UAr_1, N veEX (k)

which is independent of the values of the frozen parts. Following the proof of Theorem 4.5 we
can prove the Theorem 4.6.

4.9 Polarization of Ordered Channels

To compute a few examples, we confine ourselves to the case of erasure-like channels. Similarly
to the binary case [3], in this case there are exact relationships between the quantities Z; (W) and
Z;(W¥) for all i, which makes the recursive calculations easy. Consider the OEC introduced in
Chapter 3.

Define the channels for individual bits of the transmission:

V( Z Z W (y|x).
:ceX T;=u YEYVyY;=v
The following properties of the channel are verified by direct calculations: forall: =1,2,...,r,
VO =VO(0[0) =eo+e1 4 + i1
VOE0)=VO@N) =g+ +e,
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Figure 4.2: 3-level polarization on the OEC W : X — ), X = {00,01,10,11}
with transition probabilities g9 := W (zixa|z122) = 0.5,61 := W (?22|T129) =
0.4,e9 := W(??|x1,22) = 0.1, for all x1,z2 € {0, 1}. The channels are sorted by
the increase of the capacity I (W](\;)), N =21,

The capacity of the channel W is attained by sending r independent streams of data encoded for
the binary erasure channels V() Therefore, sending r independent polar codewords over the r bit
channels, one can approach the capacity of the channel.

Despite the fact that this example is trivial, it already shows the domination pattern observed
in Theorem 4.1. Namely, it is easy to prove directly that Z; . > Z;  for all 7 > j. Indeed, both
the functions = +— z? and x — 2z — 2 are monotone increasing on (0,1). Since Z;(W) >
Z;(W), the relation Z;,, > Z; ,, is preserved on every trajectory of the random walk. This implies
the claim of Lemma 4.9. For that, it suffices to observe that the erasure in higher-numbered bits
implies that all the lower-numbered bits are erased with probability 1. We include two examples.
In Fig. 42, r = 2, and g9 = 0.5,67 = 0.4,e2 = 0.1. In Fig. 43, r = 9and ¢; = 0.1,¢7 =
0,1,...,9. Note that the proportion of the channels with capacity « = 0,1,...,r bits converges
toe,—;.

We note that the “conventional” g-ary erasure channel W (y|z) = €d2, + (1 — €)dyy is a
particular case of the above example given by €; = --- = €,_1 = 0. In this case the channels po-
larize to just two levels corresponding to capacity 0 and r. It is possible to define other erasure-like
channels for the g-ary input alphabet, but computing explicit examples (essentially, constructing
polar codes) becomes more difficult.

Another example is given by the OSC. The OSC models transmission over r parallel links
such that, if in a given time slot a bit is received incorrectly, the bits with indices lower than that
are equiprobable. This system was proposed in [66] as an abstraction of transmission in wireless
fading environment. The capacity of the channel equals

-
e
I(W) =r+eglogyeo + Z gilogy 217;
i=1
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Figure 4.3: 10-level polarization for the OEC W : {0,1}° — ) with transition
probabilities €; = 0.1,4 = 0,1, ..., 9. The code length is N = 220,

By Theorem 4.1 g-ary polar codes, ¢ = 2" can be used to transmit at rates close to capacity on
this channel; moreover, the domination pattern that emerges, exactly matches the fading nature of
the bundle of r parallel channels, achieving the capacity of the system discussed above.

4.10 Two-level Polarization

Recently, Sasoglu [60] found polarization kernels that achieve full (i.e., two-level) polarization
for nonbinary DMCs with arbitrary-size input alphabets. His proof relies on establishing entropy
polarization, i.e., tracking the behavior of conditional entropies of the transmitted symbols and
proving polarization based on their convergence. [60] designed a set of kernels that force the
entropies to approach 0 and 1, thereby polarizing the data symbols into fully noisy and almost
noiseless. In this section, we give another proof of Sasoglu’s result, establishing two-level polar-
ization for ¢ = 2" relying on Bhattacharyya distances rather than on entropies. The new proof
is a by-product of our construction in the next section where we design transformations that po-
larize the symbols to an arbitrary predefined subset of levels. Therefore, the new method seems
more flexible than the earlier proof in that it enables us to generalize both our construction in the
previous section and the two-level result of [60]. Moreover, the known construction methods of
polar codes rely on Bhattacharyya distances, so we anticipate that the new considerations will be
useful in constructing coding schemes that straddle the line between the two extremes in terms of
the number of different types of polarized data symbols.

Suppose that g : X? — X is a map that combines two data symbols into one channel
symbol. In the previous sections, we have used a mapping 1 = g(u1, uz) given by uj + ug with
modulo-q addition. Generally, let the combined channel W5 and the channels W~ and W™ be
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defined as follows:
Wo(y1, y2lu, u2) = Wyi|g(ur, u2)) W (y2|us)

_ 1
W™ (y1,yalun) = > ~Wa(yr, yzlus, up)
UEX

1
W (y1,y2, ur|ug) = 5W2(y1,y2|ul,u2)>

where uy,us € X, y1,y2 € V.
Define g by the relation

g(ur,uz) = ur + m(uz) mod q (4.26)

where 7 is a permutation from X to X with the following property: there is at least one number
r € X satisfying

wty (m(z) — w(x 4+ ¢/2)) = . (4.27)
As an example, one can take
q/2, ifug =0
m(ug) =< 1—wu, ifl<wus <gq/2 (4.28)
—u, ifug > q/2

where the operations are performed modulo g.
The map used in [60] is an inverse of the map g. Generally, [60] observed that the following
set of conditions suffices to prove the entropy polarization.

Definition 4.1 [60] A map f : X? — X is called polarizing if the following 3 conditions hold:
(a) for all xo € X, the map x1 — f(x1,x2) is invertible,
(b) for all z1 € X, the map x9 — f(x1,x2) is invertible, and
(c)forall2 < K < q— 1 and any choice of distinct ag, . ..,ax—1 € X, the matrix
Bij:f(ai,aj), i,jzo,...,K—l
has at least K + 1 distinct entries.
We will prove that the channel combining operation (4.26) supports convergence of the

Bhattacharyya parameters. First, let us establish relations for them that extend inequalities (4.12)
and (4.13).

Proposition 4.6 For v € X, the quantities Z,(W ™) and Z,(W™) are related to Z,,(W) by

Zy(W7™) > Z,(W), (4.29)
_ 1 1
Z,(W™) < ZU(W)‘Fng Z Z(W{m,uz})
" gloun)mg(atou)
1 1
o Y 2o 2 W), (430)
g(z,u1)#g(z+v,u2)

1

ZU(WJr) = g Z Zs(m,:erv) (W)Z(W{ac,x+v}) (4.31)

where s(z1,x2) = 7(x1) — m(x2) mod g and x1,x2 € X.
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Proof: First let us prove the upper bound for Z,(W ™). From the definitions of Z,(-) and
W™ we have

)= EZZ(W{;@H})
,Z Z \/W yl,y2|l‘ (yl,y2|$—|—v)

z Y1,Yy2
= - Z S Wwnlg(a, u))W (y2lun) W (yilg (@ + v, uz) )W (y2luz)
T Z/l Y2 ui,u2

| /\

- Z S VW nlg(m, w))W (yalu) W (yilg (2 + v, ug)) W (y2|uz)

'U«l u2 Yy1,y2

1
=4 Z 4 Z Z(Wig(ou),9(+vu)}) + P Z P Z Z(Wius usy)

u1,u2
g(zu1)=g(z+v,uz2)

1 1
+ 5 Z 6 Z Z(W{g(z,ul),g(x+v,u2)})Z(W{ul,uz})‘

u1,u2
u1FEU2
g(z,u1)#g(x+v,u2)

Note that g(z+v,u) —g(z,u) = r+v+m(u) —z—m(u) = vforany z € X. Since z — g(z,u)
is a permutation for a fixed u, %Zx Z(Wig(z).g(atvu)y) = Zo(W) for any u € X. Thus the

first term becomes Z, (W), which gives the estimate in (4.30). The lower bound on Z,(W ™) is
shown as follows:

Z ST Wlg(a,ua))W (yalun)W (g1 lg( + v, u2)) W (ya|us)

x ylny uy,u2
- Z Z Z VW (yilg(a, w))W (ya|w) W (19 (z + v, u) )W (ya|u)
U Yi1,Yy2

= X VGl el )
- >3 p S 2 (Wigtoy o)

= Z,(W).

To prove (4.31), let us consider the Bhattacharyya distance of W™ between z, 2’ € X,

x # 2.

ZWE ) = Y VWH(yn,y2, wml)WH (y1, y2, ur|2)

Y1,Y2,u1

> VW nlg(ur, 2)W (yal2)W (y1lg(ur, /)W (y2]2)

Y1,Y2,u1

1
- 6 Z Z(W{Q(Ul,w),g(ul,x’)})Z(W{x,x/})

ui

Cq

=Zy (W>Z(W{x,x’})
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where s = g(u1,2) — g(ur,2') = uy + 7(x) — uy — (') = w(x) — w(a’) = s(z,2') mod ¢
which is the same for all u; € X. The last equality holds because the set {g(u1,z) : u; € X} = X
for any x € X. From the definition of Z, (W) we now obtain (4.31). [ |

Our next goal is to prove that the map g given by (4.26) and (4.27) supports two-level
polarization for channels with input alphabet of size g. We rely on Bhattacharyya distances. In the
next lemma we prove convergence of the quantities Z,, ,, relying on Proposition 4.6.

Lemma 4.10 Forv € X \ {0}, Z, ,, converges a.s. to a (0, 1)-valued Bernoulli random variable
Z~o that does not depend on v.

]

Proof: We begin with proving convergence of Zr[rllgﬁ;,n defined in Section 4.6. Let vy = argmax,c y Zu,n
and vo = argmax,c y Zy n+1. Consider the case of moving along the + path from level n to level
n + 1 in the tree. In this case we have

1, 1
Zr[na:l,n—l—l = Z’U2,n+1 = 5 Z Zs(;r,x-l—vg),nZ(W{x,x-l-vg},n)
x

1
< Zm,ng Z Z(W{x,ervg},n)

- Zv1,nZU2,n
< (Z[l,r] )2‘

max,n

Here the first inequality follows because, by definition of v, the quantity Zy, ;y,), for all

x € X can be bounded above by Z,, ,,. Suppose that v1 = v2. Then the last inequality holds with

equality. At the same time, if v1 # v9, then Z,, y, < Zy, n = I[Illaﬂn

Now consider the case of moving along the — path. For any v € X \ {0}, the quantity
Zon = %EI Z(Wiz ztopn) < Zl[rlléﬂ,n and Z(Wig o1 ) < qzr[ﬁgglm forall z,2’ € X,z # 2.

1,7]

Therefore the second term in the upper bound on Zl[iﬂ,n 4110 (4.30) is bounded above by qu[naX,n,

and the third term is bounded above by (q2 — 2q)Zl[ﬁ§;1,n. Now invoke Lemma 4.5, in which

condition (ii) is replaced with P(U,, 11 < U2|F,) > 1/2. This change does not affect the proof,

]-7 3 1 17
so we conclude that Zr[naﬂ,n converges a.s. to a Bernoulli random variable Zl[naﬂyoo.

]

Having established that Z,[ﬁ;;;(,n converges to 0 or to 1, let us consider both cases. If it is
the former, then Z,, ,, converges to O for all v by the definition. If ZL{;;LH converges to 1, at least
one of Z, ,, converges to 1, and from the monotone behavior of the Z,’s (Lemma 4.6), Z,, ,, with
wt,-(v) = 1 must converge to 1. Since there exists at least one 2z € X’ that satisfies the condition
(4.27), without loss of generality we can assume that wt,(s(0,¢/2)) = r. The quantity Z1 ,, 1
with b, 11 = +1is

Zin1 = —(ZWiog/21m41) + ZWiigjo13m1) + -+ Z(Wigja—1,9-13n+1))

(Zs(0.0/2)mZ Wio,0/200) + Zs(1,g/241)mZ Wit q/2413.m) + - - -
Zs(q/Qfl,qfl),nZ(W{q/2fl,q71},n))

(Zs@as2n + % -1)

QINRQIN T RN

(Zs0q/2)m — 1) +1
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where the inequality follows from the fact that Z(Wy, 24q/2)n) < 1 and Zg(; qro4iyn < 1,0 =

1,...,q/2—1. Let o) = {w: Z1, — a},a =0, 1. Since the above inequality holds trajectory-
wise and %(Zs(o7q/2),n — 1) + 1 < 1, the sequence of random variables %(Zs([],q/Z),n -1)+1

converges to 1 and thus Zg 4/2),, — 1 on the event le). Finally, notice that wt,.(s(0, ¢/2)) = r,
and so from Lemma 4.6 we conclude that Z,,,, converges to 1 on le) for all v. This completes

the proof. [ |

From the relation between /(W) and Z;(W) described in Lemma 4.2, we see that if
Zi(W) =0fori = 1,...,r, then (W) = r, and if Z;(W) = 1 for all ¢, then I(W) = 0.
This implies that with probability one the virtual channels for transmitted symbols converge to
either perfect channels or purely noisy channels.

4.11 Controlling Polarization: Any Number of Levels

4.11.1 Multilevel Polar Codes and Coding of Video Sequences

In this section we advance the designs of the previous section by constructing polar codes that
support polarization to any subset of the set of » + 1 levels chosen in advance.

We begin with a brief discussion of possible applications of multilevel coding schemes.
Let us consider an information transmission system that requires several types of data symbols,
each of which carries a prescribed number of “noiseless” bits over the channel. To be concrete,
consider the video sequence structure of MPEG-2 [39]. The overall structure of the encoding is as
follows. The video stream consists of 6 layers that are: video sequence, group of pictures (GOP),
picture, slice, macroblock, and block layers. From fine to coarse, these layers have the following
functions. A block is an array of 8 x 8 pixels of the actual video signal. 16 x 16 blocks become a
macroblock. A series of macroblocks are grouped into a slice, and multiple slices form one frame
which contains all the information about one picture. There are three types of frames: an intra
frame (I-frame), a predictive frame (P-frame), and a bidirectionally predictive frame (B-frame). A
GOP is a group of successive pictures in the video sequence that can be decoded independently. A
GOP starts with an I-frame followed by many P-frames and B-frames. Finally, the video sequence
is formed of a sequence header followed by one or more GOPs and terminated by an end code.

Let us take a closer look at the information in the picture layer. An I-frame contains the
reference picture and does not require additional information to reconstruct the image. Because
of this, the data in the I-frames have to be encoded for high reliability and thus their compression
ratio is low. At the same time, a P-frame carries data only for macroblocks that are changed from
one reference picture to the next one. The picture is decoded based on the prior I-frame or the
P-frame. As a slight variation, a B-frame encodes the difference between the frame that precedes
the current one as well as the frame that succeeds it. To reconstruct the image for P-frames or B-
frames, we start with the full image of the neighboring frame and obtain a new image by applying
the new motion information. Although this information may be decoded with errors, we can still
obtain good quality of the picture as long as the distortion level of the recovered image is low or
if the user does not notice the distortion caused by errors. Therefore, usually data in P-frames and
B-frames require less reliability than those in the I-frames and so this portion of the data can be
compressed at a higher rate.

For simplicity assume that the channel between the transmitter and the receiver is symmet-
ric. Suppose that the actual encoding of the data is performed using the polar coding scheme. It
is possible to use the original binary polar codes of [3]. For that, we first break each information
unit (for instance a pixel that generally consists of several bits) into bits, then encode and transmit,

66



and finally merge the recovered bits after decoding. This introduces additional overhead on both
the encoder and the decoder sides. To avoid this, we can use g-ary polar codes with ¢ = 2". We
can choose between the two-level (fully polarizing) design of [60] and the r + 1-level scheme
of the previous section. However, neither choice enables us to overcome the overhead. Indeed,
suppose that we are relying on the two-level scheme and use ry bits to represent an information
unit in the I-frame. Since the data in the P-frames and the B-frames are subjected to a higher
compression ratio, number of bits to represent each information unit in the P-frames, call it 7p, or
in the B-frames, call it r g, is smaller than ;. Therefore, if we use g-ary polar codes based on the
2-level polarization with ¢ = 2"7, we need to rearrange the data from P-frames and B-frames be-
fore encoding and after decoding. Thus, the two-level scheme does not offer enough variability for
seamless operation of the encoder and decoder circuits. At the same time, the r + 1-level scheme
has too much variation because many levels go unclaimed in the design of the coding scheme. An
optimal solution is somewhere in the middle, for instance, a polarizing scheme with just 4 levels
for the symbols that carry the payload, one level for each of the rp and rp bits, and a level for r;
bits as well as a level for O bits.

Currently the most widely used format for video data is the H.264/MPEG-4 video coding
standard [69]. In this standard, one achieves higher compression rate while keeping or improving
the quality of pictures by allowing up to 16 reference frames. The overall structure of the data
in this standard is complicated. However, the information in different types of frames requires
different levels of reliability, and thus the polar coding scheme studied in this section could also
be useful. Moreover, this scheme can also be efficient if the source messages are described with
different amounts of distortion so that each message is encoded into binary vectors of different
lengths.

4.11.2 The Construction

In Section 4.10, following [60], we proved that the polarizing mapping g given by (4.26) and
(4.27) gives us the two-level polarization for g-ary DMCs. In this section, we find mappings
(u1,ug) — (z1,z2) that polarize a DMC with the g-ary input to g-ary channels with capacity k
bits, where & € T and T is a subset of {0, 1, ..., r} of cardinality 3 < |T'| < r that includes 0 and
T,

Let k£ be the running index of the channels in (4.9) and suppose that capacity of channel
k is k (this corresponds to row r — k + 1 in the array (4.9)). In the previous section, using the
map (4.26), we have removed all the levels from £k = 1 to k = r — 1. The technical tool for
accomplishing this is to force the random variables Z; ., = 1,2, ..., to converge to identical
copies of a Bernoulli random variable; see also the proof of Lemma 4.10. Generalizing this idea
let us find a mapping that leaves all the extremal configurations except those inrows r —j tor —1,,
1 < 7. In this case, the set of extremal configurations becomes

{1tkor=* k=0,1,...,i—1,j+1,...,7}.

To obtain this set, we will make the random variables Z; ,,, Z; {11, ..., Zj11,n converge to the
same (0, 1)-valued random variable, thereby collapsing the corresponding levels. For a number 7,
denote the set {0,1,...,n — 1} by [n]. Let ¢ = 2772, In order to remove j — i + 1 consecutive
levels, we define a permutation 7 by first defining 74, : [g1] — [g1] so that it satisfies condition
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(4.27). The resulting permutation 7 is given by

2 g, (), 27 < 2
7r(u) _ 7T(u o u”) T u//, if or—i—1 Xu,u < or—i+1 (4.32)
m(u) + (u—u), otherwise

where v/ = u mod 2" """ and v = v mod 2"~ and addition is modulo g.

The intuition behind this definition is as follows. Consider the set B; = {g(ui,u2) :
ut,ug € X}}, where X} = XoU---U A, I > 1 and Xy = {0}. If the mapping g is defined
using addition modulo g, then the size of the set B; is 2l 1 =1,...,r, which is equal to the size

of the set X!. At the same time, if we use the mapping g given by (4.26) and (4.27), then |By| is
strictly greater than 2! when 1 < [ < r — 1. Based on this, we assume that the Ith level is present
among the extreme configurations if the size of the set B; is equal to |Xé|. Therefore, in order to
remove levels 7 to j from the set of extremal configurations, we design g so that |B;| = |X}] if
l=1,...,i—1,74+1,...,r, while |B;| > |Xé| forl = 4,...,j. To achieve this goal, we use
the permutation 7y, (u) if i < wt,(u) < j + 1 and use modulo-g addition otherwise. The value
j + 1is included for the following reason. For 2-level polarization, we make the random variables

Zkn,k =1,2,...,r converge to the same (0, 1)-valued random variable by using the permutation
m(u) when 1 < wt,(u) < r to define a mapping g. Likewise, since the random variables Zj, ,,
k =1,...,7 + 1 must converge to the same Bernoulli random variable, we need a permutation

7(u) of size 272 for vectors with ordered weight from i to j + 1.

The permutation 7 has the following property.
Proposition 4.7 Suppose that  is given by (4.32). Then for uj,us € X, the ordered weight
wiy(m(uy) — w(ug)) =t ifand only if wt,(u; —ug) =t, t =1,2,...,i — 1,5+ 2,...,7
Proof: Let us consider the case when j +2 <t < randletq =2 "L, ¢ = 27771 o) = uy
mod ¢/, uy, = ug mod ¢, u] =wu; mod ¢”, and uj = x2 mod ¢”. The difference

m(ur) = m(ug) = m(uy) + (ur —uh) = m(ug) = (ug — up) = m(uy) — m(uz) +1'q

u — uh —
= q//ﬂ-q1( ! q// 1) + ulll - q//ﬂ-‘h( : q// 2) - ’LL/2/ + l/q/
:ual_ug"‘l”q”‘}_l,q/

forsome !’ € [27Y and 1" € [2771], where 1 = 277772, Thus 7(u1)—7(ug) = uf —ul = uj—us
mod ¢”, where uf # u. Therefore m(u1) —7(u2) = uf —uy+k1¢” and ug —us = uf —ujy+kag"
for some k1, ko € [2771]. This means that wt,(m(u1) — 7(uz2)) = wt,.(u1 — us).

Suppose next that ¢ < ¢ — 1. The ordered weight of difference v = u; — o is less than ¢
and v' = 0 mod ¢'. This means that ) = v/, and the difference

m(ur) — m(ug) = w(ul) + (u1 — u)) — w(uh) — (ug — ub) = uy — us
modulo q. This completes the proof. [ |

In the next theorem, we prove convergence of Z, ,, which is the main technical result of
this section.

Theorem 4.7 Let the mapping g : X*> — X be given by (4.32). Foralli =1,2,...,r

lim Z;, = Z; ~ a.s.,
n—o0

where Z; o € {0,1}. Moreover, with probability 1, the vector (21,00, Z2,00, - - - s Zr,00) IS One of
the vectors of the form {1°0"* : i =0,1,...,i— 1,5 +1,...,r}
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Proof: Let us consider the upper bound of Z,(W ™) first. Letv € X, t = 1,2,...,r. When
g(z,uy) = g(x + v,u2), g(x,u1) — g(x +v,u2) = —v + 7(u1) — w(ug) = 0 and wt, (7(u1) —
m(ug)) = t. By Proposition 4.7, wt,(u1 —ug) = tift =1,...,i —1),5 4+ 2,...,r. Therefore,
the second term on the r.h.s. of (4.30) in the case wt,(v) = 1,...,7i— 1,5 + 2,...,r is bounded

above by qZI(If;X(W) or qu[flgx(W). Ifi <t < j+ 1, the ordered weight of the vector u; — us
is also between ¢ and j + 1 so the second term in this case is upper bounded by qZI[fl}ﬁ):r 1](I/V) or

gZE(w).
Consider the case g(x,u1) # g(x + v, ug). If wt,(u1 — ug) = s > ¢, then
Z(W a0} Z(Wig(aan) glatoaa) < 1Z450(W)
< g2k w).
On the other hand, if wt,(u; — u2) = s < t, then term inside the last summation in (4.30) can
also be bounded above by qZI[le((W) ift<i—1lort>j+2and qu[le{(W) ifi <t<j+1.
Indeed, consider the difference g(x,u1) — g(x + v,u2) = —v + w(uy) — 7(uz). ift <i—1or
t > j+ 2, then wt,(m(u1) — m(u2)) = s < t,s0 wtp(g(x,u1) — g(x + v,u2)) = t. This means
that the term

ZW s us ) Z (W), g(a+v,u2)}) < Z(Wig(wu)g(touz)})
< qZ0 (W)

max

< qzET(w).

max
At the same time, if i < ¢t < j + 1, then the ordered weight of the vector z = 7(u1) — m(u2)
satisfies wt,(2) = sif s < iori < wt,(z) < j+ 1if s > . This implies that i < wt,(g(z,u1) —
g(x 4+ v,u2)) < j+ 1. Therefore,

ZWtarus ) Z (W) g(a+v,u2)}) < Z(Wig(au) getous)})
< qZ5EITw)

max

< qZLL(W).

max

Summarizing, the upper bound on Z,,(W ™) is

Zy(W™) < Zo(W) + aZ (W) + ala = 2 Z50 W)
ift=1,...,9—1,7+2,...,7and

Zo(W™) < Zo(W) + a 250 W) + ala = 2) 250 (W)

max max
ift=1d,...,5+ 1 Ifwt(v) =t,
Z,(W) < Z}

S (W) < Zigih(W) < Zidl(w)

max
for any s < t. Therefore, the term Z, (W) in the first inequality can be replaced with ZI[;Q((W)
and the term in the second inequality with Zr[fl;]((W)

From Proposition 4.7, if wt,.(v) = ¢, wheret = 1,...,i—1,7+2,...,r, then wt,(s(z, x +

v)) = wtp(m(x) — m(z +v)) = tand Zyy g40) < Zg;X(W) Therefore we obtain
1
ZU(W+) = 5 Z Zs(a:,x+v)(W)Z(W{a:,x+v})

<z (W) Z,(W)

< (28 (W) < (zltlow))?.
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In addition, if t = ¢,...,7 + 1, the ordered weight of s(x,z + v) is one of the values in the set
{i,i+1,...,7+ 1}. Thus,

1
ZU(W+) = 5 Z Zs(:c,z+v)Z(W{z,a:+v})

<z W) Z,(W)

max

< (2B w)? < (ZE (W),

max max

This means that the random variable Zr[fl;in converges a.s. to a (0, 1)-valued random variable
ZE fort=1,2,...i—1,0,j+2,...,r

Now we will prove that the random variables Zr(ﬁ;m, t=1,...,r converge a.s. to ZI(TQX,OO
which is (0, 1)-valued random variables. By following the induction argument in the proof of

Lemma 4.7 we can show that Zﬁf&xm takes values 0 or 1 with probability 1 and so does Z;, ~,

v e X, t =7+ 2,...,7. Assume that we have proved the needed convergence for Zg;x,n,
t = j+2,...,r and let us prove the convergence for ZI(Iszx,ns s =1,...,5 + 1. Suppose that
ZE o = 0, then Z{)eoo = 0,5 = i,...,r. On the other hand if Ziik oo = 1, by Lemma
4.6 Zr(lexyoo = land Z, = 1forall v € A;. Observe that m,, is the same permutation
as in (4.26) with ¢ replaced with ¢;. Therefore, Lemma 4.10 implies that the variables Z, ,
Wwt,.(v) =1,...,j+1 converge to the same Bernoulli random variable. We conclude that Z; o, =

-+ = Zj41,00, While configurations from the (r — j)th to the (r — 4)th level occur with probability
zero. By applying the same induction argument, we can also obtain the needed convergence for
t=1—1,...,1. |

Let us give an example of the above mapping.

Example 4.1 Let ¢ = 23. In the original construction of Sect. 4.4, the channels polarize to 4
levels, corresponding to 0,1,2, and 3 bits in the data symbols. Suppose we would like to remove the
extremal configuration that corresponds to channels with capacity 1. Use the mapping g(u1,ug) =
uy + 7(uz) where 7 is given by (4.32), where we take ¢ = 8,1 = j = 2, and 74 a permutation
given by (4.28) with ¢ = 4. Then the matrix G, G; j = ¢(i,7), i,j € X becomes

20316 4725

31 42 75 06

4 25 306 17

G = 5 3 6 41 7 20
16 475 20 31
75 06 31 4 2
0617 425 3
17205 3 6 4

The relations between Z,(W=*) and Z,(W) for all 3-dimensional binary vectors v € X are as
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follows.

1
Zioo(W) = 1 (Z(Wy ) + Z(W{ 5)) + Z(Wih ) + Z(Wi51y)) = (Z100(W))?,

Zo1o(WT) = 1(Z(W+

. b)) FZWE ) + Z(Wh )+ Z(W o))

+Z(Wia) +ZWER) +Z(We o)) + Z(WE )
(Zoor (W) (Z(Wro2y) + Z(Wiiay) + Z(Wiagy) + Z(Wis7y)
+ Zon(W)(ZWiaay) + Z(Wissy) + Z(Wieoy) + Z(Wiray))),
Zoor(WH) = %(ZON(W)(Z(W{O,I}) +Z(Wiazy) + Z(Wiasy) + Z(Wiery)

+ Zon(W)(Z(Wir2y) + Z(Wisgy) + Z(Wis ) + Z(Wizoy))),
Zou(WT) = é(zom(W)(Z(W{m}) +Z(Wsey) + Z(Wis0y) + Z(Wizay)

+ Zoon(W)(ZWio31) + Z(Wiasy) + Z(Wiamy) + Z(Wieny)))

_1
B

and
_ 1 1
Zy(W™) < Zy(W) + & Z& Z Z(W{m,uz})
" (o) mglatuu)
1 1
+ 6 Z a Z Z(W{g(ac,u),g(az+v,u)})Z(W{ul,uz})'

x U1, u2

U FU2

9(z,u1)#g(z+v,uz2)

From the above inequalities and Theorem 4.7, Z; ,, converges to Z; «, © = 1,2, 3 where the vector
(Z1,00s Z2,00, £3,00) takes one of the following values: (0,0,0), (1,0,0), and (1,1,1). This gives
the desired polarization.
The relations between Z(W) and Z(W =) simplify in the case of the OEC. Let W be an
OEC with erasure shape ¢ = (g9, €1, €2, €3). Then the quantities Z,(W*) and Z,(W) are related
by
2
ZI(W+) = (Zl(W)) )
Zo(WT) = Zo(W) Z3(W),

Z5(W*) = L (Z2(W) Z5(W) + (Z(W))’)
and

Zi(W™) =22,(W) — (Z1(W))?,
Zo(W™) = Zo(W) + Z(W) — Zo(W) Zs(W),

Z5(W™) = S ((Za(W))* + Zo(W) 4 8Z5(W) — BZo(W) Z5(WV)).

Note that the newly obtained channels are not OECs so in the next step of the transformation,
some of equalities will be replaced with inequalities.

Generalizing the above idea, we can find a mapping which removes some of the interme-
diate extremal configurations that do not necessarily located on adjacent levels. For instance,
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suppose that we would like to remove levels from (r — ja) to (r —i2) and from (r — j1) to (r —i1),
1 <4y < ji1,42 < jo <r—1,and j; +1 < 4. In this case, random variables (Z;, », ..., Zj, +1,n)
converge to the same random variable, and so do random variables (Z;, r, ..., Zj,+1,,). Thus,
we need a permutation m, with ¢ = 271~4%2 for removing (j; — i1 + 1) consecutive levels
starting with the (r — j;)th one, and a permutation 7, with go = 2727722 that removes levels
from (r — j2) to (r — iz). The permutation 7 is given by:

j U —u(‘j) j . 1
7-(-(“ ) Q%Y) : 7['(11( 1q§j)1 ) + 7T(2) (Ul - Ugj))7 ifu< qi)
1 p—
m(u’) + (u —ul”), if g’ <y < g

where ¢ = 2/171+2, qY) = 2r—atl q%j) = 2r—n—l ugj) = u; mod qgj), and ugi) = U

mod qgi). Further, 7(?) is a permutation from [qg )} to [qy )} with

_u9) . )
Uzt )+ (ug — ugj)), if ug < qgl)

()
@ :
RETIRD R 2 '
7,)’

m(uf) + (uz — u 3 )

if gy’ <wup < gy
where qu = 2727212 qéi) = Qriztl qé‘j) = or—i2—1 u(Qj) = uz mod qéj), and ug) = ug
mod qéz). Finally, 7,, and 7, are permutations that satisfy condition (4.27) with ¢ replaced with
q1 and g9, respectively.

Let us consider the following example.

Example 4.2 Let ¢ = 16 and suppose that we would like to remove the 1st and the 3rd levels from
the set of 5 extremal configurations. Construct the following mapping: g(ui,u2) = uj + w(u2).
where m is given above with ¢ = 16, 11 = j1 = 1, and 19 = jo = 3. The first row of the Cayley
table Gis [10811920311412151364 7 5].

To analyze this example, consider the cases of following the + and the - paths. For the +
case, the quantity Zy n+1 with v € X1 U Xy is a sum of the multiples of Z, .1y, and of Zy p,
where v € X1 U Xy and d,(z,2") < 2. The same is true for Z, ,+1 with v € X3 U Xy with
v' € X3 U Xy and d,(x,2") > 3. In addition, by Proposition 4.7, wt,(u1 — ug) > 3 if and only if
wt, (m(u1) — w(ug)) > 3. This implies that, in the - case, each term of Zy p41,v € X3 U Xy can
be bounded above by qZ,y ,,wt, (V') > 3. In summary, we obtain

Z[3’4} < (Z[3,4] )2

max,n+1 — max,n

with probability 1/2 and

Z[3,4] < (q2 —q + 1)2[3,4]

max,n+1 — max,n

with probability 1/2. This proves the almost sure convergence of Zr[gz;ﬂ,n to a Bernoulli (0,1)-

valued random variable Zl[iéﬂ,oo. As before, we only need to check the case of ZE;‘%!,OO = 1, which
means Zﬁfgxm = 1. Since the equation for Z(—)Blo contains the quantity Zs p, with wt,(s) = 4,
Zﬁiﬁxm is also 1 and thus all the random variables Z, , with v € X3 U Xy converge a.s. to the
same random variable. Repeating the above argument, Z}I{gﬂ,n also converges a.s. to a (0,1)-
valued random variable.

Thus what we have so far is the following: (Zr[rll;é!,oo, Zl[fiﬁlm) = (0,0),(1,0),(1,1). The

first and the third cases are clear. If the second case happens, by the definition of Z}ﬁﬁlm,
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ZE;E)!,OO = 1 which implies that ZI(I};,{X,OO = 1 and from the equation for Z1000 both Zgngoo

and Zﬁ?ﬁx,m become 1. Therefore Z;,, converges a.s. to Z;~, © = 1,2,3,4 where the vec-
101 (Z1 00y 22,00, £3,00, Z4,00) takes one of the following vectors: (0,0,0,0), (1,1,0,0), and
(1,1,1,1) and the first and the third levels are removed.

We conclude by formulating the main result of this section.

Theorem 4.8 Let ¢ = 2" and let m be an integer. Fix a set of indices {i1,j1,...,im,Jm} C
{0,1,...,7}, where iy > 1,15 < js < is41 — L, s =1,...,mand iyyy1 = v + 1. Define the
mapping g by
g+ (u1,u2) = uy + 7 (uz)  mod g

where the permutation ©1) is defined in the following.

(a) Let qg = 29s—is+2, qgi) — gr—istl qgj) — or—js—1, u(i) — u, mod qé )’ and u(a)
mod qgj).

(b) Define the permutations mq, : [qs) — [gs], s = 1,...,m so that they satisfy condition
(4.27).

(¢) Define the permutations w(®) [qgj_) ] — [qgj_)l] q(()j) =gq,s =1,...,m by the following
equalities. If s = m then

_ @) .
gy < | () =), i <o)
m(ug) + (tm — uly)), if gy < um < g
Ifs=1,...,m—1, then
. e . . .
() (us) = qu) 'qu(usq(us ) + w5 (u — ug])), ifus < qgl)
s) — . .
W(Ugl)) + (us ugl))a ifqu) Sus < qgj)
Then the mapping g removes m disjoint sets of consecutive extremal configurations. More
specifically, the random variables Z; ,,i = 1,...,7 converge a.s. to (0, 1)-valued random vari-
ables, Z; o. Furthermore, with probability 1 the vector (Z; ~,i = 1,...,r) takes one of the

values in the set { (1F0"7%) : k € {0,1,...,r} \ (Ul {is, .-, 4s}) }-

The basic idea of the proof of this theorem is presented in Example 4.2. The only difference
between the above permutation ¢ and the permutation used in Theorem 4.7 is in using 7(*), s =
2,...,m instead of modulo-q addition. Therefore, the proof of convergence of Z; ,, is a simple
extension of the proof of Theorem 4.7 and is omitted here.

Appendix: Proof of Lemma 4.2

We shall break the expression for I(T¥) into a sum of symmetric capacities of B-DMCs.
Let z = (z1,...,2) be a k-tuple of symbols from X'. Define the probability distribution

P(y|z) = %Zle W (y|z;). Define a B-DMC W{( ()1) L@y . X% — Y with inputs 2() € X%,
where the transition z() — y is given by P(y|z("), i = 1,2.
Lemma 4.11 The Bhattacharyya parameter of the channel W{(f()1>,z(2>}7 where z(1) = (T1y...,zk),
22 = (Tk+1, - - -, T2k), can be lower bounded by
(k) 51 -
ZW i Len) 2 1 Z (Wiayasi0) (4.33)
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for any f which is a one-to-one mapping from the set {1,2,... k}to{k+1,...,2k}.

Proof: For brevity denote w; , = W (y|z;). We have

k 2k
Z(W{(z(l) (2>} kZ (szy)< Z wi’vﬂ)?
=1

i'=k+1

while the right hand side of (4.33) is

k 1 k
;Z(W{xi,l’f(i)} - %ZZ wa

The Cauchy-Schwartz inequality gives us

T =

2k k
2
<sz,y>( Z wi/,y) 2 (Z wi,wa(i)w)
i'=k-+1 i=1
hence the lemma. u
Let us introduce some notation. Given z = (z1,...,2;) € X* let 202 = (z1®x, ..., 2D

x) where x € X and @ is a bit-wise modulo-2 summation. In the next lemma we consider B-
DMCs

k m—
W{(()l) (2)} oy, k=2l m=1,...r

Zm”Zm

with inputs of special form. Namely, for a given m we let

2D = (z @ Zaixi | (ag,...,am) € {0,1}™1);

. 1 1 1
for instance, zi ) = = x1; zg ) — (z1, 21 ® z2); zé ) — (r1,21 @ z2, 71 D 3,21 D T2 D x3), etc.

Finally, zg) = zfn) P Tmt1-

Form = 0,1,...,r — 1 introduce the set A,,;1 C X™*! as follows:
Ams1 = {($1,~--,$m+1) e X"z € X;
(9, ..., Tmy1) are linearly independent as vectors over IE‘Q}.

Then the cardinality of the above set is

|Apg1] =27 H —20).

The concepts and notation introduced above are needed to establish a decomposition of the quan-
tity (W) into a sum of capacities of B-DMCs. This is done in the following technical lemma.

Lemma 4.12
(4.34)

=Y

(1) _(2)

where the number k, the vectors zy,’, 2y, and the set A,,+1 are defined before the lemma.

Lo

(®150,Zm+1) EAm+1

m-&-l‘ <2)})

)2
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Proof: First we express the capacity of W as the sum of symmetric capacities of B-DMCs.

W)= o >3 ol o s
1 W (y|z1)
“r g L (Woles TR

T1 x9:x27#£0

w

P(y)
B 1
Co2r(2r —1)
2 o W(ylz:1)
zy:w%3< (W) log s(W(ylz1) + W (ylz1 & z2))
W (y|z1 & x2)
+ 5 Wl an)log g R s
+ %(W(ml‘l) + W (y|z1 @ 2)) log 2 (W (o) ;E/Vy)(y'xl ® m”)
1
= m{ Z I(Wig) zr@as)) + TQ}
i
where
s(W(ylzy) + W (ylzy & 22))

:1:27&0

We will apply the same technique repeatedly. In the next step we add another sum, this time
on 3 which has to satisfy the conditions z3 # 0, z3 # z2. Writing x{’ for x1, x2, x3, we have

1 x X X
%= sz (507 (o) + W ey @.20) 1o 2EE L B2

P
I?E.Ag (y)
1
+ 5 (W(yle:r @ z3) + W(y|z) @ z2 © 23))
F(W(ylz1 @ z3) + W (y|z1 @ 22 & xs)))
- log
P(y)
1 1 LW (ylzy) + W(ylz1 @z
Z < =+ (y’$1)+W(y‘x1®$2))10g2( ( | 1) ( ‘ 1 2))
2 2 B
v As
1 1
+t3- §(W( ylzr ® x3) + W(ylz, © x2 @ x3))
log s(W(ylzy ® x3) + W (y|z1 @ 29 @ x3))

B
+ Blog ——
B > 5 P(y)

where B = i(W(Mﬂfl) + W(yley @ x2) + W(y|lzr @ 23) + W (y|lzr ® 22 © 3)).
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By now it is clear what we want to accomplish. Let us again take the sum on y inside.
Recalling the definition of the channel W %) before Lemma 4.11, we obtain

1 (2)

x?E.A:s

here I(W(Q()l) (2),) 18 the symmetric capacity of the B-DMC W@()l) (2), With zél) ={z1,21 ®
{257,257} {257,257}
x2} and z§2) = {x1 ® x3,71 ® 2 ® w3}, and T3 is the term remaining in the expression for T

upon isolating this capacity:
H-Y Y Bl
Y zleAs

Now repeat the above trick for 73, namely, average over all the linear combinations that this
time include the vector x4 and isolate the symmetric capacity of the channel (¥ that arises.
Proceeding in this manner, we obtain

1 1 &)
(W)= mxz I(Wieya1@2}) + 2r(2r — 1)(27 —2) Z (W{ &) (2)})
1,L2 z3eAs
IQ#U 1
Bl
e e 3 X 2 Blep
Y zleAs

- Z Wi o)

m— m—i—l‘ {Zm »Z 57?}

where the notation zﬁ,}b), zg ), A1 is introduced before the statement of lemma. [ |

We continue with the proof of inequality (4.11). For this, we will need to bound above the
right-hand side of (4.34). This is accomplished by grouping the terms of the sum according to the
weights of symbols in A4,,4+1 forall m = 1,...,r. First we handle the case m = 1 which is easy.

Fact 4.1 The term with m = 1 in (4.34) equals

1= Z2
ar _ 1 d
d=1
Proof: We have
1
I = — I
(W) 2r(2r _ 1) :1:12,:1;2 (W{m,m@rz})
x27#0
1
[ _ 2
970
- _ 1 Z \/1 — Z(Wia1,01+22})?
5
— 1 Z Z \/1 - W{Il x1+m2})
Wtrm(lge,;c)2 d
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In the first step we used the relation between the symmetric capacity and the Bhattacharyya param-
eter of B-DMC:s [3], and in the second replaced bitwise addition with modulo-g addition. This is
possible because as x1, 2 range over X’ with zo # 0, the pair {1, x1 © x2} takes all the possible
q(q — 1) values, and the same is true for the pair {x1, 1 + x2}. Now use convexity to continue as
follows:

Z1,T2
wty(z2)=d

1 o 1 2
I(w) < mz2 - <2r+d—1 > Z(W{w17x1+xz}))
d=1

Together with (4.7) this completes the proof. [ ]

The main reason for isolating the above case is to highlight the change from & to +. We
will use the same trick in the general case which we discuss next. It turns out that (4.34) can be
decomposed in a similar way for all m,1 < m < r. Again we would like to group the terms
according to the weights of the symbols in A,,. There is more than one way to do this, and not
every such grouping gives the needed result. We will identify a way of arranging the sum (4.34)
that yields the following representation:

Lemma 4.13
1 (k)
(W)= E A E I(W{Z 1),z§3)})

(
m+1 m
m=1 +1 (Z150,Tm41) EAm+1
.

T 27«
< 2 G] 2 M1~ 2 @

and

i=1 = 20)
(t_l(Qd 2y (21 — 2i)> ( ml—_[l (2 — 2]))
i=0 j=t+1

foralld,m=1,...,r,t=1,...

S

Additionally, we have

Fact 4.2 Let r be fixed. Then foralld=1,....m

m

zr: Agm [J(@" =271 =d
m=1

=1

Hence Y,y Aam [172,(27 — 27—l =1,
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Example: E.g., for r = 3 we obtain (letting (; = /1 — Z2):

1 1 2)
(W) =—=S 1w (w
") 874 ( {“’xl@“})+8-7.6§;( (o))

1 3)
LI N
+8-7.6-4Z (W{é 2 2>})

(G 26+ 4G) + 2 (126 + 186 + 1263)

?
= (96C1 + 48C2 + 24G3)
= (1 + G2 + G3.

Proof of Lemma 4.13 (outline): The proof of Lemma 4.13 amounts to counting of the

number of terms of a given weight d. We proceed as follows. We would like to use Lemma 4.11

so that for given zﬁn), zy(n), every term on the right-hand side of (4.33) satisfies d, (v, z¢(;)) = d

for some fixed value d. Choose amap f : {1,...,k} — {k+1,...,2k} such that the symbol
as(28,29) = (5 ® () e, s=1,...,2™7"

is the same for all s. Such maps exist because of the way we defined z,(fl), 1 = 1, 2. For instance,

one possible choice is f(i) = k + 1,0 = 1,...,k; then ag = 2,41 for all s. Moreover, we

will assume that f is chosen such that the weight Wtr(as(zfn), zfﬂ))) is the smallest among all the

possible matchings between {1,...,k} and {k + 1,...,2k} (this choice depends on the values
()

2
T1,T2,...,Tm+1 used to construct zp,”, 2 ( )) In the followmg, when the values z1,x2, ..., Tmi1

@)

are imphed, we will write simply a instead of as(zm’, zm
By construction, given 1, xo, ..., Tm11, We observe that the symbol (z,(ﬁ))s &) (z,(,%))f(s)
is one of the symbols zp,+1 & Y., a;x;, where o; € {0, 1} for all . Note that z,,, 41 is always

present because it is a part of every entry of zg), and that x; appears in each entry of both z%)

and zg ) and is therefore absent from their sum.

Let 1 < d < 7. Let us find the number of possible assignments of x1,xs,...,Tmy1 €
A4 so that wt,.(a) < d. We consider two cases. First, suppose that wt, (z,,+1) < d. Then for
any assignment of xo, ..., x,, that together with x,,,; are linearly independent (as vectors over
[F5), there exists at least one symbol of the form z,,, 1 @222 a;z; of weight < d, and thus wt,.(a)
is also < d. The total number of possibilities, including z1, becomes 2" (24 — 1) [T/ e —20).

Now let 2,11 € X be such that wt,(z,,,11) > d, and note that there are 2" — 2% such
choices. To count the number of assignments of x1, 2, ..., Tm+1 let us first fix z,,+1. The count-
ing is done by first finding the number of assignments such that the weight of a is < d for all d,
and then finding the needed number by subtracting the results for d and d — 1.

As before, there are 2" possibilities for x;. Next, let y;,...,ys € X be distinct symbols.
We are interested in the number of choices for xo, . . ., &, such that s of the 2~ symbols of the

(@)

form 377" 5 o)’ z; satisfy the condition

m
Tm+1 D Z Oég-l)ﬂ?j = Vi,

§=2
where a ) e {0,1},7=2,...,mand wt(y;) < dforalli =1,...,s. Of these constraints, a cer-
tain number ¢, 1 < ¢t < d are linearly independent over Fy. Fixing y;,2 = 1,..., s and ( @ )) j=
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2, ..., m gives the values of some ¢ symbols among x5, .. ., Z,,, and there are H;”:_t}rl(f — 27)

choices of the remaining m — 1 — ¢ symbols. Moreover, there are Hz;é@m_l — 2%) choices of
the coefficients ay) and Hﬁ;é (24 — 2%) choices for the symbols ;. Accounting for these possibil-
ities, and performing an inclusion-exclusion argument, we find that the number of assignments of

Ta,...,Tm equals

(_1>t71 o d ) m—1 7 m_l r J
3 5 (H(2 —91)(2 —2))('1—[ 2 —2)).
=1 2\ i=0 j=t+1

Together with the case wt,(z,,+1) < d above we obtain the number of choices of linearly inde-
pendent symbols x1,Z2, ..., Zm1 such that the weight of a is < d, which is given by 2"Ag p,.
Finally, the number of choices with weight wt,(a) = d is

2T)\d,m = 2T(Ad,m - Adfl,m)-

This concludes the proof. [ ]

The proof of the inequality (4.11) can now be completed by interchanging the order of
summation in (4.35) and taking account of Fact A2.

Remark: 1t is possible to remove the restriction of linear independence from the definition
of A,,+1; however then the counting problem tackled in Lemma 4.13 is shifted to Lemma 4.12,
so there is no gain in doing so.
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Chapter 5

Summary and Open Problems

This thesis is devoted to problems in information theory motivated by a communication system
modeled as transmission over dependent parallel channels. We examine combinatorial and linear-
algebraic aspects of coding schemes as well as several information-theoretic aspects of transmis-
sion. Many of our considerations are unified by the concept of ordered metrics on the set of g-ary
strings. Ordered metric spaces form a starting point in our study of linear codes in the first part of
the thesis and lead to simple models of ordered discrete memoryless channels. The ordered weight
also plays an important role in results on polar codes in the last part of the thesis.

Combinatorial and linear-algebraic aspects of linear ordered codes are considered in Chap-
ter 2. The contributions of this chapter are related to the idea of multivariate polynomial invariants
of linear codes. In particular, we introduce the multivariate rank enumerator of the code and ob-
serve its close relation to the multivariate Tutte polynomial of matroids considered in earlier works.
As a by-product of these considerations, we obtain a linear-algebraic proof of the MacWilliams
theorem for ordered codes, which previously was proved using harmonic analysis. We also extend
the concept of the rank enumerator to the distribution of support weights of a linear code and link
them to a model of the wiretap channel that we extend to the ordered context.

In the classical case of codes in the Hamming space, there is a straightforward connection
between linear codes and vector matroids on the set of code coordinates. Attempting to extend
this connection to the ordered metric space, we are able to associate poset matroids with maximum
distance separable codes (ordered MDS codes). At the same time, we were not able to establish
a universal connection between poset matroids and ordered codes because linear dependence be-
tween code’s coordinates does not follow the partial ordering. Establishing a firmer connection
between ordered codes and some form of poset matroids remains an interesting challenge for
future research.

The consideration of communication channels in the first part of the thesis is furthered in
Chapter 3 where we introduce simple models of parallel channels that are related to the ordered
metric. We show that the behavior of the transition probability is monotone if the error vectors are
comparable with respect to the partial order that defines the metric. Capacity of these channels
is attained by linear ordered codes. We also extend the definitions to the case of ordered wiretap
channels, compute capacity in simple examples, and describe a connection between them and
linear ordered codes. In particular, we show that generalized poset weights of linear codes arise
naturally in the combinatorial model of the wiretap channel.

The last part of the thesis is devoted to polar codes. The polar coding scheme is a major
recent advance in information theory related to explicit methods of achieving Shannon capacity of
symmetric memoryless channels [4]. The starting point of the research reported in Chapter 4 is an
attempt to construct polar codes for ordered channels. This leads us to a study of polar coding for
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general nonbinary memoryless channels with inputs of size ¢ = 2", > 2. We find that a variant of
the basic polar coding scheme supports transmission at rates close to capacity of symmetric g-ary
channels, although unlike the binary case, the data symbols are not necessarily perfectly decoded
or completely random, as is the case for binary channels. Instead, symbols are grouped into subsets
that carry almost noiselessly 1,2, ..., 7 bits of the symbol. An interesting monotonicity relation
between the symbols enables us to obtain a concise description of the extremal configurations that
is fully described through the Bhattacharyya parameters of the channel. Extending the work in [4],
we also estimate the error probability of decoding of g-ary polar codes under a simple recursive
decoding procedure.

A second line of work in Chapter 4 is related to our attempt to gain better control over the
arising extremal configurations in g-ary channels. We describe code constructions in which the
data symbols polarize into any k levels of our choosing, including two-level polarization recently
established in [60]. Our approach, which also gives a new proof of the result in [60], is based on the
evolution of the Bhattacharyya parameters. As an application of these results, we describe the use
of polar codes for encoding of picture data of different types in the MPEG-2 and H.264/MPEG-4
video standards.
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