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CHAPTER 1

Introduction

The protagonists of this dissertation are Alice and Bob. Alice wants to send a
message to Bob, in the face of seemingly insurmountable obstacles. While the full
backstory of Alice and Bob and their personal lives is beyond the scope of this dis-
sertation, there are a few common reasons to study such a scenario. When Alice and
Bob are replaced with the more pragmatic but less evocotive “sender” and “receiver,”
there are immediate applications to communication; beyond that, this situation is
relevant to storage, cryptography, complexity theory, and pseudorandomness, among
others.

In the theory of error correcting codes, one studies variations of the above scenario,
and hopes to provide Alice and Bob with the tools to succeed. In a standard set-up,
Alice begins with a message x of length &, which she maps to a codeword ¢ = C(z) of
length n; she then sends this codeword to Bob. Unfortunately, the codeword may be
corrupted en route. Bob’s job is to take this corrupted codeword, and to determine
Alice’s original message z.

We will use tools from probability theory—mostly tools from high-dimensional
probability—to study coding theory. The motivating question is: what should Alice

and Bob do? On the combinatorial side of things, how should they pick the set C of



all possible codewords? We call this set an error correcting code. On the algorithmic
side of things, how can Alice efficiently encode z into a codeword ¢ = C(z) € C? How
can Bob efficiently recover the message that Alice sent? In general, there is a trade-
off between the effectiveness of their communication (as measured by robustness to
noise, efficiency of encoding/decoding, and so on), and the amount of redundancy
Alice and Bob must use.

In the settings we consider, the most successful approaches to these questions have
been algebraic in nature: for the most part, they rely on properties of polynomials
over finite fields. By approaching these problems from an analytic and probabilistic
point of view, we improve the trade-off for Alice and Bob.

We consider two variants of coding theory, list decoding and local decoding. In each
of these variants, Bob is not required to recover everything about x; but in return,
he faces a more difficult task. In list decoding, Bob need not recover Alice’s message
x exactly, and instead may recover a short list which contains z; but the number
of corruptions may be very large. In local decoding, Bob is only trying to recover
a small portion of Alice’s message, say a single bit of x; but he must manage this
extremely quickly, without even looking at the entire codeword c. This dissertation
answers two long-standing open questions in list decoding, and provide a new answer

to an open-until-very-recently question in local decoding.
1.1 Overview of contributions

Before diving into the details, we outline our main contributions.
1.1.1 List decoding

We focus first on list decoding. List decoding was first introduced by Elias [27] and

Wozencraft [112] in the 1950’s, and has received a great deal of attention from both



coding and complexity theorists over the past few decades. In list decoding, Bob need
not recover Alice’s message = uniquely, but instead may recover a short list of possible
messages which includes z. One important reason to study list decoding is that Alice
and Bob can handle much more error in this setting than in the standard setting.
We focus on the challenge of designing codes C which allow for communication even
in the presence of extreme noise. Given an amount of noise, we aim to minimize the
amount of redundancy that Alice and Bob must use. We measure the redundancy
of the code C by the rate of C: if Alice wishes to send a message of length k, and
actually ends up sending a codeword of length n, the rate is defined to be the ratio
k/n. Thus, for a given amount of noise, we seek to maximize the rate of the code.
The state of the list decoding literature is very interesting. Generally speaking,

we have three ways of obtaining (guarantees about) list-decodable codes.

1. The first tool is a classical result called the Johnson bound, which is a combinato-
rial statement. The Johnson bound gives guarantees about the list-decodability
of a code given its distance (a combinatorial property of the code to which we
will return later). However, while the Johnson bound is the strongest statement
possible using distance alone, there are codes which beat the guarantees of the

Johnson bound.

2. A second approach comes from random codes. As we will see, a completely
random subset C C Fy is, with high probability, optimal for the list decoding
problem. In particular, the guarantees for such a code go beyond the Johnson
bound, and meet the information-theoretic limit for this problem. This is well
known and in some sense not very interesting; in coding theory, it is often the
case that a completely random code attains near-optimal combinatorial bounds.

A more interesting direction is structured ensembles of random codes. For ex-



ample, we may consider a code selected uniformly at random from a collection
of “nice” codes. Although a few pathological cases may make it impossible to
say “all “nice” codes have good list-decodability properties,” perhaps it is still
possible to say “most “nice” codes have good list-decodability properties.” This
has turned out to be surprisingly difficult. A natural starting point is random
linear codes; that is, codes C which are a random linear subspace of Fy. This
simple case—which is much less random than a general random code—is al-
ready interesting (and nontrivial). It was asked by Elias [28] in 1991 whether
random linear codes were as list-decodable as general random codes, and to date
there has been a great deal of work on this [20,44,45,49,95]. Other possible
“nice” families include certain ensembles of Reed-Solomon codes, which are a

well-studied family of codes based on polynomials over finite fields.

3. In the past two decades, there has been a great deal of interest in explicit
constructions of list-decodable codes, especially those which admit efficient en-
coding and decoding algorithms. This literature began in the late 1990’s, with
the work of Guruswami and Sudan [57,101], who showed how to efficiently list-
decode Reed-Solomon codes up to the Johnson bound. Their work sparked a
search for efficiently encodable and decodable codes which are list-decodable be-
yond the Johnson bound [23,48,51,62,63,78,87], and also a line of work trying to

establish whether Reed-Solomon codes themselves might do the trick [12,50,94].

One interesting feature of the landscape sketched above is that, other than general
random codes, the only optimally list-decodable codes we know about are highly
structured—that is, they fall under Category 3. We start our investigation in this
dissertation in Categories 1 and 2; surprisingly, our approach will also make some

progress on Category 3.



Contributions in list decoding.
This dissertation makes the following contributions in list decoding.

e List decodability of random linear codes. We show that random linear
codes, over constant-sized alphabets, are optimally list-decodable. This answers
a question, asked by Elias [28], which had been open for over 20 years at the time
of this writing. As an added benefit, our proof is quite simple. For large, non-
constant alphabets, we can show (using a more complex argument) that random
linear codes are nearly optimally list-decodable (up to logarithmic factors in the

rate).

e List decodability of Reed-Solomon codes. We show that there do exist
Reed-Solomon codes which are list-decodable beyond the Johnson bound. This
answers a question first asked by Guruswami and Sudan over 15 years ago [56]—
see [43,94,108] for explicit formulations of this problem. To the best of our
knowledge, it was not known which way this question would go, and in fact

there has been significant effort devoted to showing that such codes do not

exist [12,19,50].

e General statements about random families of codes. In fact, the earlier
two bullet points are corollaries of two very general theorems (one for small
alphabets and one for large alphabets), which provides a way to obtain (nearly)
optimally list-decodable codes from any code with good structural properties.
This yields general statements which fall somewhere between Categories 1 and
2 above. For example, it is not true that any code with good distance is opti-
mally list-decodable—the Johnson bound is tight in this respect—but we can

show that “most” (suitable transformations of) codes with good distance are



optimally list decodable.

e A few more applications. While random linear codes and Reed-Solomon
codes are the headline applications of the machinery mentioned above, we show
how it can be used to obtain other useful constructions. Examples include
linear-time encodable, optimally list-decodable, binary codes; optimally list-
decodable variants on Reed-Muller codes; and results about the list-decodability
of randomly folded codes. Along the way, we also prove several “average-radius”
variants of the Johnson bound, which appear to be folklore but are probably

worth having written down.

1.1.2 Local decoding

In the second part of this thesis, we will consider locally decodable codes. In the
local decoding setup, again Bob’s job is again easier: he need only recover a single
bit of Alice’s message. The catch is that Alice doesn’t know before she encodes her
message which bit Bob will be interested in. Further, we insist that Bob work in
sublinear time. In particular, he doesn’t have time to look at the entire codeword ¢;
his decoding is “local” in the sense that he needs to look at only a few bits of the
codeword. Locally decodable codes have been lurking implicitly in coding theory [89]
since the 1950’s and in theoretical computer science [5,16,33,34,36,82, 88| since the
late 1980’s, but the first explicit definition did not appear until later [75]. The reader
is referred to [114] for an excellent survey.

The important trade-off in this setting is between the locality of the code—how
many bits Bob must look at to recover a single bit of Alice’s message—and the rate
of the code. Generally speaking, there are two parameter regimes, in which very

different approaches have been considered.



1. Small locality, small rate. In the first parameter regime, the locality is
very small: Bob may look at only two or three bits. However, the rate is
quite bad: Alice must send nearly 2* bits to convey a message of length k.
Approaches in this regime tend to be combinatorial [25,26, 113]. At a high
level, the arguments follow the same outline: show that Bob can succeed if
there are no errors, and then argue that with enough randomization his queries

will, with high probability, avoid any errors that do occur.

2. Large locality, high rate. In the second parameter regime, the rate of the
code approaches 1 (so n is only very slightly larger than k), but the locality

0001 Codes in this regime have only been found

grows with n, perhaps like n
very recently. Other than the work presented in this thesis, there are currently
two families of codes known in this parameter regime, multiplicity codes [79] and
lifted codes [41]. The arguments here are quite different that those in the small-
locality regime. First, they are algebraic, rather than combinatorial. Second,
they follow a different outline: when Bob considers w(1) bits, it is no longer
enough for him to succeed in the error-free setting. Indeed, he looks at so much

of the codeword that there is no way he can avoid errors entirely, no matter how

cleverly he randomizes.

Contributions in local decoding
In this dissertation, we make the following contributions in local decoding.

e Locally decodable codes in the high-rate regime. We will give the third
known family in the large-locality, high-rate regime. Our codes will actually be
locally correctible, which is a slightly stronger notion. As mentioned above, there

are only two other constructions of such codes known. In fact, it was a conjecture



of Dvir that such codes did not exist [21]. One of the main contributions of this
work is that our construction is quite different from multiplicity codes and lifted
codes—in fact, our style of argument follows the probabilistic and combinatorial
arguments from the small-error, small-rate regime. Our work can be viewed as

a way to port the small-locality line of reasoning to the high-rate setting.

e Sublinear-time decoding of expander codes. The construction mentioned
above is in fact not new: we use a family of codes (called Tanner codes or
expander codes) which have been around in some form or another since the
1980’s, with roots going back to the 1960’s. Thus, our results also give sublinear-
time decoding algorithms for this well-studied family of codes. As far as we can

tell, it was not suspected that these codes might provide the sought-after locality.

1.2 Dissertation outline

In Chapter 2, we will set up the formal notation and prove some simple lemmas
that we will need. We will also prove a couple of (standard) theorems and work out
a few computations, to set the stage for our results later. In Chapter 3 we present
some results about the list-decodability of certain ensembles of binary codes; as a
corollary, we will answer a question of [28], and show that random linear codes are
(with high probability) as list-decodable as random codes. The results in Chapter 3
are based on the paper [111]. In Chapter 4, we will extend the arguments of Chapter 3
to deal with larger alphabet sizes. This will involve a fair amount of work and is
the most technical part of the dissertation. As a corollary, we will show that there
exist Reed-Solomon codes which are nearly optimally list-decodable; this answers a
question posed by Guruswami and Sudan in [56]. The results in Chapter 4 are based

on the paper [96], which is joint work with Atri Rudra. Given that the punchlines



of Chapters 3 and 4 are corollaries of more general phenomena, it is natural to ask
how far you can push this technique; Chapter 5 explores this question. In Chapter 5
we state a very general theorem about random operations of codes, and give recipes
for obtaining optimally list-decodable codes. The results in Chapter 5 are joint work
with Atri Rudra. Finally, in Chapter 6 we mix it up a bit and turn our attention to
locally decodable codes, and we show that expander codes are locally decodabable
in the high-rate regime. The results in Chapter 6 are based on the paper [68], which

is joint work with Brett Hemenway and Rafail Ostrovsky.



CHAPTER 2

Set up and Preliminaries

2.1 Basic coding theory: background and definitions

We return to Alice and Bob. Formally, Alice and Bob employ an error correcting
code, which is a subset C C [y, for a finite field" F,. The size q of the field is called
the alphabet size. The elements ¢ € C are called codewords. The codewords then have
length n, which is called the block length of C. For every message x € F’; of length k,
there is an encoding function which maps = to ¢ = C(x) € C. As we just did, we will
occasionally overload notation and write C : IF’; — Iy for a function whose image is
the set C C F7. The size of the code is then |C| = ¢*. In the Alice-and-Bob scenario
above, Alice will choose a codeword to send to Bob; if Bob can correctly identify
the codeword, he will have identified the message Alice wishes to send. The general

setup is shown in Figure 2.1.

Alphabet size and error model. The alphabet size ¢ and the way in which
errors may be introduced are important and linked parameters. In our error model,
a symbol ¢; € Fy of a codeword ¢ € Fy, is the smallest unit of communication
that can be corrupted. Here, corrupted means that the symbol may be changed

to another element of F,. There are many reasonable models of corruption. For

1While it is not in general necessary to assume that the alphabet has any sort of algebraic structure, for this
thesis it will be convenient to consider codes over finite fields.

10
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codeword C(z) € T} corrupted codeword w € Fy
00 ()
adversarially corrupts pn
symbols of ¢

Alice Bob

Noisy channel:

Figure 2.1: The set-up for error correcting codes: Alice-and-Bob version.

example, symbols could be changed (or not) independently at random; or only certain
error patterns could be possible. In this work, we exclusively consider the most
conservative, worst-case model. That is, up to pn symbols may be corrupted, for
some parameter p € [0, 1], and these corruptions may occur in any locations. When
a symbol is corrupted, it can be changed to any other symbol in F,. We imagine
that these corruptions are adversarial: someone who knows Alice and Bob’s strategy
is deliberately trying to mess them up.? The fraction p of errors that this adversary
is allowed to introduce is called the error rate.

The study of error correcting codes was initiated in the seminal paper of Shan-
non [97]. Shannon considered a probabilistic error model; the adversarial model
that we study here was indroduced by Hamming [66], and is often referred to as the

“Hamming model.”

Distance. In the Hamming model, Alice and Bob’s success (combinatorially

2 Again, who this bad guy is and why he’s so out to get Alice and Bob is beyond the scope of this dissertation;
suffice it to say that this worst-case model is not only nice and conservative in the communication setting, but it also
turns out to be essential for applications in complexity theory and other areas.
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ceC—e

Figure 2.2: The set-up for error correcting codes: Combinatorial version. The black dots represent
the elements of the code C, with distance §(C). If w € Iy differs from a codeword ¢ € C in at most
pn places, and p < §/2, it is possible to uniquely determine ¢ from w. On the other hand, if z € Fy
differs from ¢ € C in more than §/2 places, it may not be possible to determine ¢ from z.

speaking) is determined by the distance of the code:

§(C) := min d(c, ),

c,c'eC

where d(c, ') is the relative Hamming distance between ¢ and ¢

1 n
6(e,d) = = Lo
=1

If the distance §(C) is larger than 2p, then for any w € Fy Bob may receive, there is
at most one ¢ € C so that d(c,w) < p. Thus, no matter what errors are introduced,
Bob can uniquely determine which codeword ¢ was sent. On the other hand, if
the distance is smaller than 2p, there is always an error pattern which will trip up
Alice and Bob. Thus, in the Hamming model, the distance of the code characterizes
the acceptable (to Alice and Bob) error rates p. This combinatorial view of error

correcting codes is shown in Figure 2.2.

Rate. Another important quantity which measures the effectiveness of Alice and
Bob’s communication is the ratio of the length k of Alice’s message (the number of

symbols she wants to send) to the length n of the codeword (the number of symbols
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she actually sends). This quantity R = k/n is called the rate of the code C. Since
there are ¢* possible messages of length k, the code C has size ¢*; thus, the rate is
given by

)

n

Note that the rate is always between 0 and 1.

Families and ensembles of codes. We consider Alice and Bob’s situation as
n becomes very large. To that end, we will consider families of codes. A family
C =0C,0Cy,0Cs,. .. is a sequence of codes, so that the length of C; is n;, and n; * co.
We can define distance and rate for families as we did with codes: if the rate of C; is

R; and the distance is ¢;, the rate R and distance § of C are given by
R =liminf R; and 0 = liminf ;.

Above, we have used the same notation (C) for a family of codes as we used for a
particular code; this will be the first in a long line of notational abuses on this topic.
In particular, we will henceforth refer to a family of codes as simply a “code,” and
we will refer to its rate and distance in terms of the length n of the code. We will
also invoke standard asymptotic notation (e.g., R = 1 —o0(1) to indicate that the rate
approaches 1 as n tends to infinity) to describe the behavior of codes as n becomes
large. For reference, we define this notation in Section 2.5.

We also consider (families of) random codes. That is, we fix a distribution D on
subsets C of F}, and we imagine that C is a code drawn from D. In this case, we
may be interested in, say, bounding the rate and distance with high probability. As
before, we will be interested in the case that n gets large, and we will have in mind a
sequence of distributions Dy, Dy, . . ., so that D; is a distribution on subsets of Fy?, for

an infinite family of increasing n;. We will sometimes call such a family of random
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codes an ensemble of codes.

2.1.1 The rate-distance trade-off: some basic bounds

The fundamental problem in coding theory is understanding the trade-off between
distance and rate. The larger the distance, the larger the error rate can be. The
larger the rate, the more information Alice can send to Bob. This trade-off has been
studied since the beginning of time—that is, since around 1950—beginning with the
work of Hamming [66]. Since then, the literature has grown far too much to be
completely surveyed here. See [54,84] for an introduction to coding theory. In order
to get a feel for the types of rate-distance trade-offs we can hope for, we mention a
few classical results below.

We start with the Singleton bound, which states that any code C € F; with

distance 0 = §(C) must have rate at most
(2.1) R<1-6+1/n.

To see this, consider the projection of C onto the first (1 —d)n + 1 coordinates of Fy.
This projection is injective, because by definition, no two codewords agree in more
than (1 — §)n symbols. Thus, we have |C| < ¢~ which implies the bound.
Sphere-packing arguments can also be used to get a handle on how large (or
small) a code C with distance ¢ can (or must) be. Recall that we are working over
an alphabet of size ¢, and for z € Fy, define the (g-ary) Hamming ball of radius p

about z, denoted By(z, p) C Fy, by
By(z,p) = {z €F} : 6(z,2) < p}.

Suppose that C is a maximal code with distance 0. How big can C be? The balls
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By(c,6/2) for ¢ € C are all disjoint, and all contained in F}, so we must have

[F7l = ) 1Byl 6/2)| = CI|B4(0,8/2)].

ceC

On the other hand, since C is maximal, F} is covered by the union of B,(c,6) for

¢ € C. Thus,

[yl <

U B,(c,6)

ceC

< 3 IB,(c.8)] = ]| B,(0.6)].

ceC

Putting these together, we conclude that

n n

q

(2:2) B,0,8/2)]

q
—— < |C] <
B,0,0)] = !

The lower bound on C is known as the Gilbert-Varshamov (GV) bound. The upper

bound is called the Hamming bound. To understand these bounds, it is helpful to

get an idea of the size of the Hamming ball B,(0,0). We can write

1B,(0,6)] = f ()=

although perhaps that’s not very illuminating. One way to get good intuition for

|B,(0,6)| is through the q-ary entropy function H,. We define
(2.3) Hy(z) = wlog,(q — 1) — wlog,(v) — (1 — x)log,(1 — z).

The g-ary entropy function is a generalization of the standard (binary) entropy. It is
plotted in Figure 2.3, and we will return to its behavior in much more detail below. It
turns out that H,(d) nicely characterizes the size of Hamming balls over F,. Indeed,

(see [84] for the computation), for any § € (0,1 — 1/¢q) and for sufficiently large n,

(2.4) g"Ha®) =) < |B,(0,6)] < g1

3Notice that for any ¢, |Bq(c,8/2)| = |Bq(0,5/2)|, which follows from the fact that the map = — 2 — c is an
automorphism of Fy which preserves Hamming distance.
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Figure 2.3: The g-ary entropy function Hy(z).

Combining (2.2) and the above, we see that the the rate R = log,(|C|)/n of a maximal

code C of distance ¢ is bounded by

(2.5) 1— H,(8) —o(1) <R < 1— H,(5/2).

Some useful facts about H,(x). To understand Equation (2.5), we expand
a bit on the function H,(d). Shown in Figure 2.3, the function H,(z) attains its
maximum (which is 1) at 1 — 1/¢. It will be useful to investigate its behavior near
this point. Very near to 1 — 1/q, say at 1 — 1/q — € for ¢ < 1/q, the behavior of
H,(z) is roughly quadratic in ¢; for slightly larger ¢, it is roughly linear. To be more
precise, consider the series expansion of H,(1 —1/q — ¢) near ¢ = 0. We have

2

(2.6) H(1-1/g—¢)=1- ( q ) e 4+ 0, (%),

2(q —1)log(q)
which describes the behavior of H, for constant ¢ and ¢ — 0. On the other hand,

expanding H,(1 —1/q — ¢) near g = oo, we have

}Jg(g)
log,(q)

(2.7) H(1-1/g—e)=1—-1/qg—e— —o0.(1/q) =1 -+ 0-(1/log(q)),
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which describes the behavior of H, for constant ¢ and growing ¢. In chapters 4 and
5, we will be interested in situations where both ¢ — 0 and ¢ — oo at the same
time. In this case, the asymptotics of H (1 —1/q — ¢) can get a little hairy, but the

following is true:

(2.8) (
52 13 It}
1-0 <1Oqg(q)> qg=0(1/e) (“small” q)
Hy(1-1/q=¢) = {1 - 0(e) ¢ = Q(c=) for some constant ¢ > 1 (“large” g)
1 - €<1 - 0(1)) q= €_w(1) (“Very largew q)

\

We will informally use the labels “small ¢” and “large ¢” to refer to the param-
eter regimes above. These regimes do not capture everything—we may have ¢ =
log(1/¢)/e, for example—but they are enough intuition for our purposes.

Let us consider the take-away from these calculations, combined with (2.5), which

said that the rate R of the largest code of distance § obeys
1—H,6)—o(l) <R<1—Hy 6/2).

The first inequality (the Gilbert-Varshamov bound) then implies that there are codes
with distance § = 1 — 1/q — € and rate approaching €* (small ¢) or ¢ (large ¢). On
the other hand, the second inequality (the Hamming bound) indicates that perhaps
we can do better. For large ¢, it is known that in fact we can. For binary codes,
where ¢ = 2, it is not known whether one can do better than the Gilbert-Varshamov
bound.

Pinning down the best possible rate-distance trade-off is still an open question,
and there are tighter bounds than those presented here. However, the bounds given
above will be enough intuition for the work in this thesis. In our work, we will study

several classical ensembles of codes, whose rates and distances are well-understood
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(and generally speaking match the Gilbert-Varshamov bound), and prove new results

about their capabilities. We introduce some of these families in the next section.

2.1.2 Examples of codes

Most of the codes in this dissertation are linear codes, which are codes C so that C
forms a linear subspace over [F,. In this case, the message length k is the dimension
of the subspace, and this is called the dimension of the code; as before the rate is

R = k/n. We may write a linear code C as
C:{xTG : xEIF’;},

where G € ]F’;X” is a matrix* of rank k over F,. We refer to G as a generator matriz

for C. We may also write a linear code C as
C={yeF,: Hy=0},

for some matrix® H € an—k)m of rank n — k. We refer to H as a parity check matrix
for C. Notice that if G is a generator matrix for C and H is a parity-check matrix
for C, then HGT = 0: H spans the kernel of G.

In Chapters 3 and 4, we study (uniformly) random linear codes. A uniformly
random linear code C of rate R is just a uniformly random linear subspace of Fy
of dimension £ = Rn. It will be convenient to also consider the distribution on
linear codes that arises from choosing a generator matrix G uniformly at random
from IF’;X". These are slightly different distributions, because a matrix G drawn at
random may not have full rank. However, for the parameter values we are interested

in, these distributions are very similar. We will abuse language and use “uniformly

4In coding theory, one generally writes G as a short fat matrix and multiplies messages as row vectors on the left.
When in Rome...
5The parity-check matrix is multiplied by a column vector on the right—all is right with the world.
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random linear code” to refer to both of these distributions. When it comes time to
make precise statements, we will be more clear about which we mean.

Linear codes have a lot of structure. If Alice has her hands on GG, she may encode
a message r € IF’; as 27'G € C reasonably efficiently. If Bob has his hands on G, he
may test quickly whether or not 2z € Fy is a codeword in C, and if it is, he may quickly
recover the corresponding message x. Linear codes obey a lot of useful symmetries:
for example, the distance of a linear code is same as the distance of any codeword
to the all-zero codeword. We define here a few linear codes which will be especially

useful to us.

Reed-Solomon codes

The work in Chapter 4 is motivated by Reed-Solomon codes. Reed-Solomon
codes [90], which are based on polynomials over finite fields, are one of the most-
studied families in coding theory. They are prevalent in practice, showing up ev-
erywhere from storage in CD-ROMs® to QR codes for smartphones’ to schemes for
high-thoughput screening of DNA [106]. See [110] for more discussion of the many

applications of Reed-Solomon codes.

Definition 2.1. The Reed-Solomon code of degree k—1 and length n with evaluation

points aq, ..., o € Fy is

RS, (k,n) = {(F(ar),- ... f(an) €FY : f € F,[a],deg(f) < k—1}.

Notice that the definition of Reed-Solomon codes implies that the alphabet size ¢
must be large; indeed, it must be larger than n. In particular, when we consider the

family of Reed-Solomon codes and let n go to infinity, ¢ must also grow to infinity.

6to0 old-fashioned?
Tthat’s better
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One reason that Reed-Solomon codes are so prevalent is because they have the

optimal rate-distance trade-off. To see this, we compute the rate and distance below:

Distance. The distance of RS,(k,n) is exactly (k — 1)/n. Indeed, for any two
polynomials f, g of degree at most k — 1, the number of a € F, so that f(a) = g(«)
is at most £ — 1, the number of roots of f — g. Conversely, for any set of evaluation
points, the distance between the codewords corresponding to f(z) = 0 and g(z) =

(x —aq)(z — o) -+ (z — ay_q) is precisely (k—1)/n.

Rate. The rate of RS,(k,n) is exactly k/n; this follows from the fact that the

generator matrix for RS,(k,n), given by

1 1 1 --- 1
a1 Qg9 QA3 -+ QOp
2 2 2 2
a1 ay Qg an
k k

Q] Gy (p ay

has full rank.
Thus, a Reed-Solomon code with distance ¢ has rate R = k/n =1 — 4§ + 1/n,
exactly matching the Singleton bound. It also matches the “big-¢” version of the

GV bound: a Reed-Solomon code of distance 6 =1—1/¢—¢e =1—¢ —0(1) has rate
R=1-§—-0(1)=¢c—0(1).

Above, we imagine that ¢ is a small constant, and we recall that 1/¢ = o(1), as ¢ > n
for Reed-Solomon codes is not constant.

Expander codes

In Chapter 6, we will study a family of linear codes based on expander graphs.

These codes, called Tanner codes, are formed from d-regular bipartite graphs G =
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(U,V, E), and an inner code Cy C Fg. The idea of using bipartite graphs to define
linear codes goes back to Gallager [32] in the 1960’s; the version we will use is due
to Tanner [105] and to Sipser and Spielman [98]. In these variants, the graph G
and the inner code Cy are used to define a Tanner code C = C(G,Cy) C FY% here,
N = |V| = |U| is the number of vertices on each side of G. Thus, the length of C is
n = Nd, which is the number of edges in G.

A codeword ¢ € C will be interpreted as a labeling of the edges of G. For a vertex
u, we will use I'(u) to denote the edges adjacent to u (so, ['(u) C E has size d). We

will fix an ordering on these edges, and write I'(u) = {I'1(u), a(u), ..., Tg(u)}.

Definition 2.2. Let G be a d-reqular bipartite graph, and let Cy € IF;Z. With the

notation above, the Tanner code C = C(G,Cy) is defined by
C = {C € Fé\[d YueUU V, (Crl(u),CFQ(u), - ,Crd(u)) S Co} .

Above, we index the coordinates of ¢ € C by the edges of G, and use c. to denote the

e-th coordinate.

A picture of this construction is shown in Figure 2.4. As suggested above, we
will choose the graph G to be an expander graph. When the underlying graph G
is an expander graph, then it turns out [98] that the code C can be encoded and
decoded extremely quickly, in time linear in n. In Chapter 6, we will give algorithms
for decoding these codes in sublinear time. We will defer the definition of expander
graphs until they are needed in Chapter 6. For now, we will simply observe some
facts about the rate of C when Cj is linear, for arbitrary bipartite graphs G.

It is not immediately obvious that the Tanner code C we just defined is non-empty;
why should there be any labeling of the edges that are consistent with Cy? If Cy is

linear, we can answer this questions by counting linear constraints. Indeed, if Cy is
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These symbols
form a codeword in So do these
Co

Figure 2.4: A codeword in an Tanner code C is a labeling of the edges of a bipartite graph G. A
labeling ¢ is in C if at every vertex v € U and v € V| the labels on the edges coming out of v (and
v) form a codeword in an inner code Cy.



23

a linear code of rate Ry, then it is defined by d(1 — Ry) linear constraints, and by
definition C is a linear code defined by 2N (d(1 — Ry)) (possibly redundant) linear
constraints, d(1 — Ry) constraints for each of the 2V vertices. In particular, the rate

of C is at least
S Nd —2N(d(1 — Ry))

R(€) = Nd

= 2R, — 1.

Thus, as long as Ry > 1/2, C has positive rate and we have done something nontrivial.

With a few examples of codes under our belts, we will return to the slog of

definitions, and introduce two variants of the general coding theory set-up.

2.2 List-Decodable codes

Alice and Bob will fail when the error rate exceeds half of the minimum distance
of the code. Indeed, consider the point z in Figure 2.2; if there are two codewords
c,c € C with d(c, ¢') < 2p, then there is always some z € F} with d(c, 2),d(c, z) < p.
This is perhaps disappointing: what if the error rate is bigger than 1/27 In some
applications, p may be nearly 1. Is there anything to be done in this case? The
answer is yes: Alice and Bob can use list decoding.

In list decoding, Bob is allowed to return a short list of messages x1,...,xy € ]F’; ,
as long as he can guarantee that Alice’s message appears somewhere in the list.

Formally, we have the following definition.

Definition 2.3. A code C C Fy is (p, L)-list decodable, if for every z € Fy,
|[{ceC :d(z,¢c) <p}| < L.
We refer to the largest p so that Definition 2.3 holds as the list-decoding radius of

C for list size L. For our purposes, we will usually hope that L is “reasonably small,”

which might mean “polynomial in a few parameters of interest.” When L is clear, we
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will sometimes just refer to this p as the list-decoding radius of C. The Alice-and-Bob

setup is shown in Figure 2.5; the combinatorial interpretation is shown in Figure 2.6.

[TTTTTT]

message x € F’;

l

(TTTTTITTITTT] —— [ X T T X XX ]|
codeword C(x) € Fy corrupted codeword w € Fy

Noisy channel:
adversarially corrupts pn

symbols of ¢
Alice

Figure 2.5: The set-up for list-decodable codes: Alice-and-Bob version.

n
zEIFq

ceEC———0 [ ] ®

Figure 2.6: The set-up for list-decodable codes, from a combinatorial perspective. Even though the
is not a unique codeword ¢ € C which are within p of z, there are not that many. The code pictured
above is (p, 4)-list-decodable.

List decoding was introduced, independently, by Elias and Wozencraft [27, 112]
in the late 1950’s. Since then, it has found uses throughout theoretical computer
science, not only in communication, but also in complexity theory and pseudoran-

domness. For example,® in complexity theory list decodable codes have been used

8for the reader already familiar with the lingo



25

(often implicitly) in hardness amplification [103], constructing hardcore predicates
from one-way functions [36], and in average-case hardness of the permanent [17,37].
In pseudorandomness, list-decodable codes are intimately connected to pseudoran-
dom gadgets like extractors [60], expanders, condensers, and so on [107]. We refer
the reader to the excellent surveys of Sudan [102] and Vadhan [108], as well as to
Guruswami’s thesis [43], for the many applications of list decodability.

To get a feel for what can and cannot be done in list decoding, we will survey

some results and do a few computations below.

2.2.1 List-decoding radius vs. rate

The motivation for list decoding is to handle extremely large error rates; how
large is large? First, it is not hard to see that p > 1 — 1/¢ is just too large. Indeed,
in expectation a random received word y € Fy will agree with a given codeword ¢
in a 1/g-fraction of the places, and so we expect for y to be this close to a large
number of ¢ € C. The remarkable fact is that this is the only barrier: Alice and Bob
can handle any p < 1 —1/¢q. The following theorem, called the list decoding capacity

theorem, pins down the rate we can hope for for any p <1 —1/q.

Theorem 2.4 (List decoding capacity theorem, [28,116]). Fixz ¢ > 2 and let p €
(1,1/q). Then the following are true.
(1) For any code C C Fy which is (p, L)-list decodable, with rate R =1— Hy(p) +~

for any v > 0,

L > g0,

(2) On the other hand, for all L > 1, there is a (p, L)-list-decodable code with rate

R<1-Hy(p) - 1/L.
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The proof of Theorem 2.4 is relevant for some of the results in this dissertation,

so we include it here.

Proof. For Item (1), consider picking a random received word z € F™, and fix ¢ € C.
We have

—n(1=Hq(p)—o(1))

P{ce By(z,p)} = >q )

using (2.4). Then, in expectation over z,
E HBq(z,p) nell > anq—n(l—H1(p)—0(1)) — qn(e—O(l)).

In particular, there is some z so that the number of codewords within p of z is
exponentially large in n, the block length of C.

For Item (2), we again will use the probabilistic method. Fix R < 1—-H,(p)—1/L,
and let k < Rn be an integer. Choose C = {C(z) : x € F¥} C F?, so that C(z) is
chosen uniformly at random, independently for the different x € IF’;. Now, for a fixed
z € F? and a fixed set of messages A C F¥, with [A] = L +1, consider the event E. 4
that

C(x) € By(z,p) Ve e A

The probability of this event is
B L+1
P{E,,} = Hp{c(x) € By(z,p)} < <M> < gD O=H(0)
TzEA q
where in the first equality we have used independence, and in the last inequality we

have again used (2.4). Now, by the union bound, the probability that E, 5 occurs
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for any z, A is

k

n q —n(L+1)(1—-H,
P{dz A h that Ez < (L+1)( a(p))
{ zZ, suc a ,A} q < 1>q

< P (B =y ()
< U= Hy(0) =1/ L) (LA D) = (LA 1) (1= Hy(0)))

— q—n/L

< 1.

In particular, there exists a code C so that none of the events E, y occur. But if this

is the case, then by definition C is (p, L)-list-decodable. O

Let us apply our intuition (2.8) about the behavior of H (1 — 1/q — ¢) to the

conclusions of Theorem 2.4 in the parameter regime when p=1—1/q — ¢:

Corollary 2.5. Suppose that C is (1 — 1/q — €, L)-list decodable with list size L

polynomial in 1/e. Then the rate R of C must obey

. qe? }
R<1-H/(1-1/qg—¢) <minge,—— ;.
< 1= 1= 1a=0) < min e

Corollary 2.5 is not the tightest statement we could make (in terms of the con-
stants), but for this thesis we care about the asymptotic dependence of ¢ and g,

rather than the exact values of the constants.

The “large-p” parameter regime

The take-away from Theorem 2.4 and Corollary 2.5 is that list decoding effectively
doubles the correctable fraction of errors. For any (nontrivial) code over an alphabet
of size ¢, the distance cannot be more than 1 —1/¢, and so no more than a % (1 — é)
fraction of errors can be recovered from uniquely. However, when the decoder may

output a short list, there are codes which can tolerate a 1 — é — ¢ fraction of errors,
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for any € > 0. This fact has been crucially exploited in numerous applications of
list decoding in theoretical computer science and in particular to the complexity
theoretic applications mentioned above. There are two important features of these

applications:

1. For complexity applications, it is necessary for the fraction of correctible errors
to be arbitrarily close to 1 — %. This is less important in the communication

setting (where we might hope p is close to 0), but for clarity of exposition we

will stick with Alice and Bob: our motivation is captured in Figure 2.7.

2. As we saw above, the optimal rate to correct 1 — % — ¢ fraction of errors is

known, given by

R*(q,e) :=1—Hy,(1—-1/q—¢),

and bounded by Corollary 2.5. However, for complexity applications it is often
enough to design a code with rate Q(R*(q,e)) with the same error correction

capability.”

We study list decoding in these parameter regimes. That is, we seek to correct a
1 — 1/q — € fraction of errors, with rate Q(R*(q,e)) which may be suboptimal by
multiplicative factors. The ultimate goal is to get the correct dependence on ¢ and
q.

The proof of (2) in Theorem 2.4 implies that a random code C is optimally list-
decodable with high probability. We digress for a moment to remark on the im-
portance that independence played in this proof: if the encodings C(z) were not
independent, for different x, then a priori the probability of the event E, , might

be much larger, and the union bound would not go through. For example, suppose

91n fact in some applications even polynomial dependence on R*(q,€) is sufficient.
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p=20/2 p—0

o =

Bob Bob

Unique decoding List decoding

Figure 2.7: Moving from unique decoding to list decoding allows Alice and Bob to nearly double
the tolerable error rate, from p = 6/2 to p = 4. To illustrate this phenomenon, we include a picture
above of how happy this makes Bob.

that instead of taking C to be a random code, we considered a random linear code.
That is, choose a random matrix G € F>* and set C(z) = Gz. Now it is no
longer the case that the encodings {C(z) : z € A} are independent; in fact, since
Gz + Gy = G(z + y), they are not even 3-wise independent. We may modify the

approach of the proof above (following [116]) to work.

Proposition 2.6 ( [L16]). Let ¢ > 2 and choose p € (0,1 —1/q). Let C be a random
linear code of rate R < 1 — H,(p) — m. Then with high probability C is

(p, L)-list-decodable.

Proof. We modify the proof of Theorem 2.4, part (2), above. As before, the plan will
be to bound P{E. s} and take a union bound. Any set A C F} of L + 1 messages
must contain at least logq(L + 1) linearly independent vectors: this follows because
any subspace of IF’; of dimension ¢ contains at most ¢' messages. Now, for any set of
linearly independent messages x € ]Ff;, the corresponding codewords C(x) = Gz € F}

are independent random variables. Thus, we may bound

P{E.1} < (P{Gr € By, p)p) "5V < g o0 )b,
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The proof proceeds by taking a union bound, as before.

O

We note that Proposition 2.6 is exponentially worse than part (2) of Theorem 2.4,
in terms of the list sizes. Indeed, when p =1 — 1/q — ¢, then in order to obtain the
“correct” rate (as per Corollary 2.5), we must set L = ¢'/¢ or ¢/ ¢* which is much
larger than 1/poly(e). It is a natural question whether or not we can do better [28].
We will return to this question in Chapters 3 and 4, where we will answer it in the

affirmative.

2.2.2 List-decoding radius vs. distance, and the Johnson bound

Above, we quantified the best trade-off we can hope for between the rate R of a
code and its list-decoding radius p. A related question is the trade-off between the
distance § and the list-decoding radius p. We have already discussed the trade-off
between § and R, summarized by (2.5) and (2.8), and this gives us an idea about
what we might hope for for the trade-off between 6 and p.

Intuitively, it seems like good distance should be enough to imply a large list-
decoding radius. Indeed, in Figure 2.6, it seems reasonable that if all of the points of
C are very spread out, there should be no way to capture too many of them in a ball
of radius p. What sort of trade-off could we hope for? Suppose that C lies on the
Gilbert-Varshamov bound (the first inequality in (2.5)) and has distance §; thus the
rate is R = 1 — H,(0) —o(1). Then the list-decoding capacity theorem (Theorem 2.4)
indicates that we may hope to obtain nontrivial list-decoding guarantees with the
list-decoding radius p approaching the distance o of the code. This quantitative
intuition might make us hope that any code with distance 1 —1/g—Q(e) should have

list-decoding radius p = 1 — 1/q — . Unfortuately, this is just too good be true.!”

10 Tndeed, a random coding argument [38, Section 4.3] shows that there are (non-linear) g-ary codes of distance
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But there is some statement we can make along these lines, known as the Johnson

Bound.

Theorem 2.7 (Johnson bound, [72]). Let C C Fy have distance 0, and let

p<(1-1/g) (1— 1——) — J,(0)
Then C is (p, L)-list decodable, for L = qn?}.

When § =1 —1/q — &2, then J,(0) is at least 1 — 1/q — e. Thus, in our setting,
the Johnson bound states that any code with distance 1 —1/q — €? has list-decoding
radius p > 1—1/q —e.

Average-radius, average-distance Johnson bound
There are many proofs of the Johnson bound [1,20,28,29,38,58,59,72,73,81]. We

will give a proof here, for ¢ = 2 and d = 1/q — ¢, which will be instructive in the

future. This proof is similar to (and inspired by) the proof in [20].

Theorem 2.8 (Average-distance, average-radius Johnson bound for ¢ = 2). Let

C C F% be a binary code. Then for any A C FY with |A| = L, and for any z € FY,

%Z(S(C(:U),z) 2% 1 \/1— % > dC@).cy)

TeA TrHAYEN

Proof. Let ® € (£1)"*2" be the matrix whose columns are indexed by = € F%, so

1—1/q — € so that one can find a Hamming ball of radius 1 — 1/q — Q(y/€) which contains super-polynomially many
codewords. There are similar results for linear codes [42,55].
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that ®;, = (—1)°@s. Let ¢, denote the j-th column of ®. Then

mzaxxEZA 1 —-60(C(x),2) = %Zbg%ﬁz lew);=a
(=1)*(=1)°@s 41
- Z;&%%}Z
=2 <L+Z|<%’1A>|>

’n/

1

-1 (L+ NN
<+ Lo
2 \/— Allg | »

using Cauchy-Schwarz in the final line. The claim then follows from the definition
of ® and the fact that the (x,y)-entry of ®7® is given by n(l — 26(C(z),C(y))) .
Indeed, from this, we have

[@14]5 = 13710 =n Y Y (1 -20(C(x),C(y))),

zEA yeA
and plugging this in above and a little bit of rearrangement gives the statement. [
Theorem 2.8 is stronger than Theorem 2.7 in two important ways; to understand
them, we will derive Theorem 2.7 from Theorem 2.8. First, notice that by the
definition of list-decodability, C is list-decodable if and only if, for all sets A C IF’; of
size L + 1, and for all z € Fy, there is at least one 2 € A so that §(C(z),2) > p; in
other words,

maxd(C(x), z) > p.

z€eA
Because the average is always smaller than the maximum, it suffices for

xEA

which is the form that the bound in Theorem 2.8 takes. Next, we observe that if the

minimum distance §(C) of C is large, then the averaged distance term that shows up
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in Theorem 2.8 is also large:

> 6(C@).Cly) = L(L ~1)3(C).

Tc#YEA

Incorporating these observations into the statement of Theorem 2.8, we obtain

that a binary code C is (p, L)-list-decodable for all

=30

Comparing this to J>(6) = 3 (1 — /1 —24), we find that for large L these are basi-

cally the same in our parameter regime: if we are shooting for p = 1/2 — ¢, we may
take § =1/2 — O(e?) and L = O(1/e?).

We call Theorem 2.8 a average-radius, average-distance Johnson bound. It is
average-radius because it shows that the averaged list-decoding radius

maxl Z(S(C(x), 2)

A L
z€A
is large. It is average-distance because it depends on the averaged distances

ﬁzéwm,cw)),

Ay

rather than the minimum distance. Many proofs of the Johnson bound can actually
be tweaked to imply average-radius or average-distance Johnson bounds. This fact
appears to be folklore, but the distinction is important to us. In Chapter 4 we will
give a few more average-radius, average-distance Johnson bounds, which hold for all
q.
2.2.3 List decoding of Reed-Solomon codes and beyond

Reed-Solomon codes play an important role in the history of list decoding. Like

any code with good distance, the Johnson bound implies that Reed-Solomon codes

have large list-decoding radius. More precisely, Theorem 2.7, combined with our
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earlier calculations about Reed-Solomon codes, imply that a Reed-Solomon code of
rate €2 (over F, for ¢ > 1/£?) has distance about 1 — & and hence list-decoding
radius p = 1 — . The remarkable thing about Reed-Solomon codes is that they can
be list-decoded to this radius efficiently.

The celebrated work of Guruswami and Sudan [57,101], in the late 1990’s, gave
an efficient list-decoding algorithm for Reed-Solomon codes which works up to the
Johnson bound. This was the first non-trivial progress in efficiently list decoding
codes up to radius 1 — ¢, and it made a big impact. However, as we saw from
the List Decoding Capacity Theorem (Theorem 2.4), this is not the best rate/list-
decoding-radius trade-off we could hope for. Ideally, if p = 1 — ¢, we ought to be
able to find codes of rate ¢.

Eventually, the “Johnson bound barrier” was broken for efficiently decodable
codes [87], and now we know of several families of codes which are efficiently list
decodable all the way to the list-decoding capacity theorem [51,62-64,78]. For the
most part, these codes are generalizations of Reed-Solomon codes. However, no more
progress was made on Reed-Solomon codes themselves, except for a few negative re-
sults. Indeed, it has been conjectured that Reed-Solomon codes are not list-decodable
beyond the Johnson bound [19], and so significant effort has been put in to proving
this. So far, we know that if the evaluation points contain certain algebraic struc-
ture, then indeed Reed-Solomon codes can’t be list-decoded, even combinatorially,
much beyond the Johnson bound [12]. Further, if we pass to a related problem,
called list-recovery, then the analogue of the Johnson bound is the right answer for
Reed-Solomon codes [50]. Finally, it seems likely that, no matter what the evaluation
points, list-decoding Reed-Solomon codes much beyond the Johnson bound will be

computationally difficult [19], even if it is combinatorially possible.
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We will return to this question later. One of the main contributions of Chapter 4 is
that there are Reed-Solomon codes which are list-decodable well beyond the Johnson
bound, and nearly to list-decoding capacity. In fact, we will show that most Reed-
Solomon codes achieve this, in the sense that choosing the evaluation points at

random is a good bet.

2.2.4 Summary

To sum up, the state of (existential) knowledge about list-decodable codes, before

the work in this thesis, is as follows.

e Random codes are list-decodable to capacity. Other random ensembles of codes,

even the simple case of random linear codes, have proved difficult to analyze.

e The Johnson bound gives us a structural condition (distance) which implies
good list-decodability, but it does not (and cannot!') go as far as the lower

bound imposed by the list-decoding capacity theorem.

e We know of a few, very specific, families of codes, based on Reed-Solomon
codes, which are list-decodable to capacity. These codes also are efficiently

list-decodable.

e As for Reed-Solomon codes themselves, we know that some choices of evaluation

points will obstruct list-decoding to capacity.

There are some gaps and open questions in this landscape. We will return to these
later in Chapters 3, 4, and 5, where we will fill some gaps and answer some questions.
For now, we will consider the basics of list-decoding covered, and move on to locally

decodable codes.

1 That is, there are codes whose distance and list-decoding radius match the Johnson bound, see [55]
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2.3 Locally Decodable codes

Suppose that Bob only wants to recover a single symbol of Alice’s message x. Of
course, if Bob is equipped to recover all of x, as he has been so far, he can do this
easily. However, in order to recover all of x, Bob must at least look at the entire
codeword ¢ = C(x), and in particular the time he will take to do this is (n). In
local decoding, one wonders if Bob might do better.

More precisely, the setup will be as follows. Alice will encode her message as
c = C(x) € Fy, as before. As before, an adversary will corrupt a p-fraction of the
symbols of ¢, to create a corrupted codeword w € Fy. Bob will be given query access
to w. Now, the adversary additionally gives Bob an index i € {1,...,k}. Bob’s job
will be to make Q) < n queries to w, and from these queries he must produce a guess
of x;. It is not hard to see that Bob’s queries must be randomized: indeed, because
the adversary will know Bob’s stratregy, if Bob were to look at a deterministic set
of @ < n queries, then the adversary could simply corrupt every single query Bob
observes. Thus, we will demand that, for all ¢, he succeed with high probability. The

setup is shown in Figure 2.8, and a more formal definition is given below.

Remark 1. In locally decodable codes, the number of queries is generally denote by
q. Of course, in coding theory, it is often the case that ¢ = |Fy| is the size of the
alphabet. Resolving this notational collision is one of the greatest open problems in
local decoding. Not wanting to bite of more than we can chew with this thesis, we

will punt and denote the number of queries by Q).

Definition 2.9 (Locally Decodable Codes (LDCs)). Let C : F¥ — F7 be a code.

Then C is (Q, p)-locally decodable with error probability n if there is a randomized
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algorithm A, so that for any w € Fy with §(w,C(x)) < p, for each i € [k],

and further A accesses at most () symbols of w. Here, the probability is taken over

the internal randomness of the decoding algorithm A.

In this dissertation, we will also be concerned with a slightly stronger notion,
called a locally correctable code (LCC). In this setup, Bob must be able to not only

find every symbol of Alice’s message x, but also of the codeword C(z).

Definition 2.10 (Locally Correctable Codes (LCCs)). Let C C Fy be a code. Then C
is (Q, p)-locally correctable with error probability n if there is a randomized algorithm,

A, so that for any w € Fy with 6(w,C(x)) < p, for each j € [n],
P{A(w,j) =w;} =21 —n,

and further A accesses at most QQ symbols of w. Here, the probability is taken over

the internal randomness of the decoding algorithm A.

A locally correctable linear code gives a locally decodable code—this follows from
the fact that we may always put the generator matrix in canonical form, so that the
left-most k& x k block is the identity. In this view, the message itself appears as part
of the codeword, and so the ability to recover any symbol of the codeword is enough

to recover any symbol of the message.

2.3.1 Two examples: Hadamard codes and Reed-Muller codes

It is worthwhile to consider two examples of locally decodable codes. The first

example is the (g-ary) Hadamard code.
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[ITTTTTT]
message € IF’;
l corrupted codeword w € Fy
(ITTTTITTTITIT] ———
codeword ¢ = C(z) € Fy, Q@ queries

symbols of ¢

Noisy channel:
adversarially corrupts pn
Bob

Alice

Figure 2.8: The set-up for locally decodable codes. For each ¢ € {1,...,k}, Bob must be able to
guess x; with high probability over his choice of queries. The symbols are corrupted after C(x) is
encoded, but before Bob makes his queries.

Definition 2.11 (Hadamard code). For n = ¢*, the Hadamard code of length n

encodes messages in x € F’; by

Clz) = ((ai, )iz, € Fy,
where a; ranges over all elements of FZ’.

In other words, the Hadamard code is the linear code whose generator matrix is
the k x ¢* matrix whose rows include every vector in ]F’;. The rate of the Hadamard
code is k/q¥; it approaches 0 as k — oco. However, the Hadamard code is (2, p)-
locally correctable for any p < (1—1/¢)/2. Algorithm 1 shows how Bob may recover

C(x), for some a € F%, by looking at only two entries of a corrupted codeword w.

Algorithm 1: Local correction algorithm for the Hadamard code

Input: Corrupted codeword w € Fy, index a € ]F’;.
Choose r € IF"; uniformly at random.

Choose s =a — .

Query w, and w;..

return w, + w,
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Why does Algorithm 1 work? Suppose that Bob’s two queries w, and w, are
correct. Then

ws = C(z)s = (z,s) and w, =C(z), = (z,7),

and so the value returned by Algorithm 1 is
ws +w, = (x,s+r)=(r,r+a—r)=(x,a) =C(x),.

Thus, the algorithm works whenever these two symbols are not corrupted. While the
two queries are correlated, the marginals of each are uniformly random in ]F';. The
probability that a random query is corrupted is p, the fraction of corrupted symbols.
Thus, by the union bound, the probability (over the choice of r) that both queries
are correct is

P {ws =C(s) and  w,=C(r)} >1—2p.

Thus, as long as p is small enough, Alice and Bob can succeed. In particular, if
p < (1—1/q)/2, then Alice and Bob are doing better than guessing, so we declare
success. If a higher success probability is required, Alice and Bob may do several
independent repetitions of Algorithm 1 and take the majority vote; this will allow
them to get arbitrarily good success probability, at the cost of more queries.

Our second example is the Reed-Muller code.

Definition 2.12 (Reed-Muller code). The g-ary m-variate Reed-Muller code of de-

gree d < q — 1, denoted RMy(d, m), is a linear code C C Fy, where n = ¢™. The

m-+d

message length 1s k = ( 4

), and we regard each message f € ]F’; as a polynomial
in Fylx1, 2o, ..., xm] of degree at most d. Then the encoding C(f) of f is all of the

y m .
evaluations of [ over Fy':
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Remark 2. Later on, we will consider Reed-Muller codes in a slightly different pa-
rameter regime (which the reader may be more familiar with), where ¢ = 2 and
d > q—1 may be larger. We’'ll see below why we want the restriction d < ¢ — 1 for
locally decodable codes.

We note that Hadamard codes are thus just the k-variate Reed-Muller code of
degree 1; Reed-Muller codes can also be seen as a multivariate version of the Reed-

Solomon codes we have already encountered.

Algorithm 2: Local correction algorithm for Reed-Muller codes

Input: Corrupted codeword w € Fy, index a € Fy".

Choose r € Fi* at random.

Let L = {a+ A : A € F;} C F;* be the line through a and r.
Query wp, for b € L\ {a}.

Find a univariate polynomial g : F, — [F, so that

g()‘) = W(a4rr)

for the most number of \’s.
return ¢(0)

Algorithm 2 gives a local correction procedure for Reed-Muller codes; it requires
a bit more explanation than Algorithm 1. First, observe that Algorithm 2 makes
Q = q— 1 queries, the number of points on a line in F" (except for a itself). Second,
the restriction of an m-variate polynomial of degree at most d to a line is a univariate
polynomial of degree at most d. Thus, the queries {C(f), : b € L} form a corrupted
codeword of the g-ary Reed-Solomon code of degree d. We have seen that the distance
of this code is 1 — d/q; any two codewords disagree in at least ¢ — d places. Thus, if
there are no more than (¢ —d)/2 — 1 corruptions in our ¢ — 1 queries, the polynomial
g in Algorithm 2 agrees with the restriction of f to L. In fact, one may find this

polynomial g efficiently. After g has been recovered, we have

9(0) = fla+0-7) = f(a) = C(f)a-
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It remains to check when it’s the case that not too many of the queries are corrupted.
As with the Hadamard code, the queries of Algorithm 2 are correlated, but the
marginals are uniformly random. Thus, we expect a p-fraction of the symbols indexed

by L to be corrupted. By Markov’s inequality,

—d-2 2p(q — 1)

P morethanq ,
q—d—2

queries are corrupted} <

and so the probability of success is at least

2p
d+1°
1—q_i1

P {algorithm 2 works } > 1 —

This is better than 1/q whenever

There are many ways to pick parameters for Reed-Muller codes to make this
algorithm work. For illustration, consider m = 2 and d = ¢/2. Then the rate of the

corresponding Reed-Mulller code is

m+d q/2+2
R:(d):( 2 )_1_‘_0(1/(])_

q" 7 8
The query complexity is

Q=q—1=+n-1

We can make the rate better by choosing d larger; notice that we can never choose
d > q — 2, or else the tolerable error rate p becomes 0, and so the rate can never

become larger than 1/2.

2.3.2 Two parameter regimes

These two examples live on different sides of the spectrum: Hadamard codes have

rate which tends to zero exponentially quickly, but use only two queries. Reed-Muller
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codes (with parameter settings like those above) have constant rate, approaching 1/2,
but query complexity about y/n. It is natural to ask if one can do better in either
regime: if we have constant query complexity, can we have subexponential blowup
in the length of the codeword? If we have query complexity that scales like n°, can
we have rate arbitrarily close to 17 The answer to both questions—both open until

recently—is yes. We briefly survey work in this direction below.

e Constant locality. It is known [77] that one cannot improve on the rate of
the Hadamard code if we require the query complexity to be 2. However, a
great surprise of the past decade is that there are 3-query LDC’s with n slightly
subexponential in k [10,11,18,22,25,26,71,113]. These codes, called matching
vector codes, have a strategy similar to the strategy we pursued for Hadamard
codes. That is, these codes have what we will call a smooth local reconstruction
algorithm. By this we mean an algorithm which for any symbol x; can make a
few queries so that (a) if all the queries are correct, it will correctly find x;, and
(b) while the queries may be correlated, the marginals are (close to) uniform.
Then the same argument we used in the Hadamard case goes through: by a

union bound, with high probability none of the queries are corrupted.

e Locality n°. As with the constant-query regime, the existence of locally decod-
able (or correctible) codes with rate approaching 1 for any nontrivial number of
queries was an open question until recently. In the past few years, there have
been two such constructions, multiplicity codes [79], and lifted codes [41]. In this

thesis, we will give a third example [68], which is very different in flavor.

The codes in [41,79] are based on polynomials over finite fields, and at a high

level the arguments are similar to the Reed-Muller argument we made above.



43

One cannot hope to argue that with high probability none of the queries are
corrupted; indeed, if there are n® queries then with very high probability about
a p-fraction of them are corrupted. Instead, one can set things up so that the
queries themselves form some other code, like the Reed-Muller queries formed

a Reed-Solomon code.

Is there some way to turn a smooth local reconstruction algorithm into a lo-
cally decodable code the large-locality regime? We will return to this question in
Chapter 6, where we will show how to make such an argument work. For now, we
will momentarily leave the discrete world of finite fields and go over some of the

(continuous) probabilistic tools we’ll need.

2.4 Random tools

In this section, we briefly review some probability background that we will need

for our analyses.

2.4.1 Gaussian random variables

A Gaussian (or normal) random variable g ~ N(0,0%) with variance o? has a

probability density function

£(t) = \/% exp(—12/202),

which is shown in Figure 2.9. One fact which we will use repeatedly about Gaussians

is that they are very well concentrated. More precisely, the cumulative distribution

function,
P{g >t} = N /OO exp(—u?/20%) du
V27102 Ju=t
obeys the estimate
(2.9) Plg>t) < — oxp(—12/20%)
t Vo
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Figure 2.9: The probability density function of a standard Gaussian random variable. It looks a
bit like a Brontosaurus.

for all ¢ > 0. Indeed, because on the domain u > ¢, (u/t) > 1, we have

(2.10)
1 /°° <—u2) < 1 /oou (—uQ) P o (—tZ)
exp | — | du —exp | —= | du = ex )
Voro? Ju= P 202 T V20?2 Ju= T P 202 t 21 P 202

Another very nice fact about Gaussian random variables is that they are stable:

linear combinations of Gaussian random variables are again Gaussian.

2

Fact 2.13. Let g1,...,9, be Gaussian random variables with variances 0%, ..., d>.

Then the random variable Y, a;g; is again a Gaussian random variable, with variance

> ajoy.

2.4.2 Suprema of Gaussian processes

Several times in this thesis, we will encounter the problem of estimating something

of the form
(2.11) w(T) :=Esup(g,t),
teT
for some set T C R™, where g = (g1,...,9,) ~ N(0, ) is a Gaussian random vector

(that is, each entry g; of ¢ is an independent standard Gaussian). The quantity w(T")
is called the (Gaussian) mean width of T. Figure 2.10 shows why the name makes

sense.
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g~ N(0,I)

Figure 2.10: Gaussian mean width. The vector g ~ N(0, ) points in a uniformly random direction,
and its length (¢5 norm) is very concentrated around y/n. Having drawn g, the vector ¢ € T which
maximizes (g, t) is the one with the largest projection onto g, and the value of (g, t) is (proportional
to) the length of that projection; as shown above, this is half of the “width” of T in the direction g.
Thus, the quantity Esup,cp (g,t) can be described as the “mean width” of T', because we average
the width of T in direction g, over all directions.

The most basic situation is when T' = {o;e; : i € [n]} is the collection of (scaled)
standard basis vectors. In this case, Esup,cr (g, ) is just the expected value of the
maximum of n Guassian random variables with variances o%,...,02. We have the

following proposition.

Proposition 2.14. Let g; ~ N(0,0%), fori=1,...,n, and suppose that max; o; <

o. Then

]Emin](\gz| <ov2In(n) - (1+0(1)).
€[N

Proof. We have
E max |g;| —/ ]P’{max\gzl > u} du
i €|

1€[n]
<A+—/ nexp(2 2)du

for any A > o (which we will choose shortly). In the above inequality, we have
used (2.9) (with the fact that A > o) and the fact that for every ¢, P{|g;| > u} =

2P{g; > u}. We may estimate the integral using (2.10), so

2 /00 e <_UQ) du < 20° e ( AQ)
— xp | —— xp | ——— | .
V2T Ju=n P 202 T AV27 P 202




46

Choosing A = 04/21n(n), we get

Emax |g;| < o+/2In(n) + —
ie[n] min(n)

O

It is not hard to see that the mean width does not change when we take the convex

hull of T"
(2.12) w(T) = w(conv(T)).

For example, Proposition 2.14 implies that the mean width of the ¢; ball B} =

{z eR" : ||z|), <1} is

w(BY) = w(conv({ey, eq,...,e,})) =w({er,e2,...,e,}) =0 ( ln(n)) :

What about other sets 77 For several T, w(T') can be computed rather precisely.
For example, w(BY) = O(y/n). For others, it can be much trickier. We wave our
hands about a general method, called a chaining argument, below.

Let X; = (g,t), so we want to understand E sup,. X;. A natural approach would
be a union bound: if X; is small with probability 1 — p, then sup,.; X; is small with
probability 1 — Np, where N is the size of (a suitable discretization of) T'. However,
in many situations, p > 1/N is not small enough to allow for such a union bound.
We mustn’t give up hope: naive union bounds are often quite wasteful. If ||s — t||2
is small, then X; and X, are highly correlated. Treating X; and X, as completely
unrelated (or worse) when taking the union bound is leaving something on the table.

A first attempt to take advantage of this is illustrated in Figure 2.11. Suppose
that 7" is “clustered” (with respect to ¢y distance) and write T'= S; U Sy... U S,.

For each 7, pick a representative point ¢; € S;. Consider events of two types. The
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Figure 2.11: First attempt at a chaining argument. The set T' can be partitioned into S; U .Ss U S3.
Suppose that X, = (g,t) fort € T, and we wish to argue that sup,c, | X;| < M with high probability.
A naive attempt would be to apply a union bound to the bad events that |X;| > M for all t € T.
A slightly more refined approach is as follows. Consider the bad event that |X;, — Xy,| > M/4.
This is very unlikely, much more unlikely than the event that | Xy | > M, because X;, — X, =
{g,to —t3) ~ N(O, ||to — t3]|3), and |[to — t3]|2 is very small. Take a union bound over all events of
this type, as well as the three events that | X;,| > 3M/4 for i = 1,2,3. In the favorable case that
none of these events occur, we still have X; < M/4+3M/4 = M for all t € T, but we have saved
a little bit in the union bound. The idea of a chaining argument is to iterate this process, and
recursively subdivide the sets .S;.

first type of event is that X;, is small. The second type of event, for ¢ € S;, is that
| X; — X, | is small. Now this has made the situation somewhat better: if ¢ is small,
then we can handle a union bound over all events of the first type, because there
are not too many of them. On the other hand, there are lots of events of the second
type, but they happen with much higher probability because ¢ and ¢; are “close.”
The idea behind a chaining argument is to iterate the first attempt described
above. Having made clusters Sy, ..., 5, we then cluster each of the clusters, and
so on. We will return to this argument in Chapter 4, where we will use it to show
that Reed-Solomon codes (with random evaluation points) are near-optimally list-
decodable with high probability. To put this argument in a little more context, we
mention here that such chaining arguments are quite general, and in the case of
Gaussian processes Xy, they in fact completely capture Esup,., X;. More precisely,

Talagrand’s majorizing measures theorem [104] shows that there is always a chaining
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argument which can estimate E sup,.; X, up to constant factors.

2.4.3 Getting to Gaussians

Above, we have outlined many of the wonderful properties about Gaussian random
variables. However, this thesis is about coding theory over finite fields. The reader
may be wondering how Gaussians (which are real random variables) could possibly
come into the picture. There are several tricks we can use to take advantage of the
tools above, even working over finite fields. The basic idea is illustrated in Figure

2.12. We will outline a few specific tricks that we need below.

Figure 2.12: When life gives you lemons, turn them into Gaussians.

Our main tools are based on the fact that the sum of independent random variables
behaves a lot like Gaussians. The first version that we use is the Chernoff-Hoeffding
bound, which states that the tail behavior of the sum of independent random variables

is very much like that a Gaussian random variable.

Theorem 2.15. Let Xi,...,X,, be m independent random variables such that for

every i € [m|, X; € [a;, b;], then for the random variable

and any positive v > 0, we have

P{S—E[S]| > v} < 2exp (—mlfbf_am) |
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A second way to introduce Gaussians is via symmetrization and comparison ar-

guments. These arguments simplify expressions like E HZ?:l(X ; —EX;)

‘ for inde-
pendent random variables X; taking values in any Banach space. These arguments
are standard—see [80], Lemma 6.3 and Equation (4.8), respectively. For complete-
ness (and concreteness), we’ll state and prove versions when the X; are real-valued

functions of some set T', and the norm is the L., norm.

Lemma 2.16. Let T C R", and let X; : T — R fori = 1,...,m be independent

random functions.

Esup | Y (X;(t) —EX(t)| < 2BEsup | > &X;(t)|

teT | teT | *
j€n] JEN]

where the & are independent Rademacher random variables (that is, & = +1 with

probability 1/2 and —1 with probability 1/2).

Proof. Let C' be an independent copy of C, and let X’(¢) denote an independent copy
of X;(t). Then,

Exsup | Y (X;(t) —ExX;(t)| = Exsup | Y (X;(t) — BeX;(t) — Exs [X](t) — Ex X[(1)])

teT | teT |
i€l i€

< ExExsup| Y (X;(t) — X}(t))

teT | *
JEN]

= EExEx sup | Y &(X;(t) — Xj(t))

teT | *
JE[n]

< 2BeExsup [ > &X;(t)].

teT |*
J€[n]

Above, we used Jensen’s inequality, independence, and the triangle inequality in the

second, third, and fourth lines, respectively. O

Next, we replace the Rademacher random variables {; with Gaussian random

variables g; using a comparison argument.
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Lemma 2.17. Let T C R" be any set, and fir X; : T — R. Let &,...,&, be in-
dependent Rademacher random variables, and let gy, ..., g, be independent standard

normal random variables. Then

E¢ sup ij \/7]E sup Zgg

€T | teT
Proof. We have

E, sup ZQJ (t) —]EEgSup Z@‘%’X()

teT
JEn] JG[”]

> [E¢ sup Z &Eggi1X;(¢) by Jensen’s inequality
teT

JEN]

= E¢sup ij\/>X

teT jen]

Above, we used the fact that for a standard normal random variable g;, E|g;| =

2/m. O]

Together, Lemma 2.16 and Lemma 2.17 imply that

Esup | > (X;(t) —EX;(t))| < CEsup | > g;X;(t)|,

teT teT

Jj€ln] j€mn]

for some constant C'. This will allow us to use our observations above about the
mean width. Indeed, the expression on the right hand side is the Gaussian mean
width of the set

{(X1(t),..., Xn(t)) : teT} CR™

When manipulating Gaussian processes of the form (2.11), the following contraction

principle will also come in handy.

Lemma 2.18 (Corollary 3.17in [80]). Let T C R™ be a bounded set, and let g1, . . ., gy

be i.i.d. standard normal random variables. Let ¢ : R — R be a contraction (that is,
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lo(x) — @(y)| < |x —y| for all x,y in R) with (0) = 0. Then for all non-negative

) < EF (2 sup ) .
teT

In the case when F'is the identity and ¢(x) = |z|, this implies that

Z gilti] Z giti
i=1 i=1

convez increasing functions F' on R,

Zglgp Zg’b 7

teT

1
EF (— sup

(2.13) E sup < 4E sup
teT teT

2.5 Overview of notation

We conclude this chapter with a brief overview of the notation. We reserve n
for the block length of a code, and k for the dimension of a (linear) code. We will
use It for the rate of a code. For z,y € Fy, d(x,y) will denote relative Hamming
distance. For an integer r, [r] will denote the set [r] = {1,2,...,r} C Z. Generally,
g will denote a Gaussian random variable, and ¢ will denote a Rademacher random
variable. We will use [E to denote the expectation operator, and P {-} for probabilities.

For z € R", ||z||, will denote the £, norm of x:

n 1/p
Iz, = (Z !%\p> v ellee = max .
i=1

For vectors x,y in R™ or Fy, (z,y) will denote the inner product

T y) = szyz
i=1

We care more about the dependence on key parameters (like n and € as n grows
large and € grows small) than on the constant factors. To that end, we will use C or
C; to denote absolute constants, which do not depend on any of the parameters of

interest. We will use standard asymptotic notation to hide these constants. Precisely,
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for functions f(z), g(z), we say f = O(g) as * — oo if there is some constant C'
(independent of the inputs to f and g) so that f(z) < Cg(z) for sufficiently large .
Similarly, f = Q(g) means there is a constant C' so that f(z) > Cg(z) for suffiently
large z, and f = ©(g) means that both f = O(g) and f = Q(g). The notation
f = o(g) (resp. f = w(g)) means that for all constants C' and for all z(, there is
some x > x so that f(x) < Cg(x) (resp. f(x) > Cg(x)). We will also occasionally
use notation like f < g, f 2 ¢, and f = g to mean f = O(g), f = Q(g), f = O(yg),
respectively. Usually the asymptotics will be in terms of the block size n of a code,
which will tend to infinity. In the list-decoding setting, we consider asymptotics as
the error rate p = 1—1/g—¢ as € — 0 and (sometimes) ¢ — oco. In the local-decoding
setting we will consider what happens as the rate R — 1. We will make it clear what

parameters we consider when each case arises.



CHAPTER 3

List Decoding: small alphabets

In our discussion in Chapter 2 of list decoding, we saw that random codes were
nearly optimally list-decodable (Theorem 2.4), and wondered if the same would hold
for random /linear codes, not just for random codes. In this chapter, we return to
this question, in the case when ¢ is small (that is, constant).

More precisely, Theorem 2.4 implies that a random g-ary code of rate Q(g?) is
list decodable up to radius 1 — 1/q — e, with list sizes on the order of 1/¢2. When
we tried to extend the argument to random linear codes in Chapter 2, we ended up
with Proposition 2.6, which was unsatisfying: the list sizes were on the order of ¢/ e
This was basically the best we could do until recently. However, in 2013, Cheraghchi,
Guruswami, and Velingker [20] made substantial progress. They exploited a connec-
tion between list decodability of random linear codes and the Restricted Isometry
Property, a property of matrices which comes up in compressed sensing (an area of
signal processing). Using this connection, they showed that a random linear code
of rate 2(e?/log®(1/¢)) achieves the list decoding properties above, with constant
probability. In this chapter, we improve on their result to show that in fact we may

take the rate to be (g?), which is optimal for constant ¢ (up to constant factors),

and further that the success probability is 1 — o(1), rather than constant. As an

93
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added benefit, our proof is quite simple.

Our argument extends beyond random linear codes. We will return to the full
generality of our approach in Chapter 5, but here we will state a corollary for ran-
domly punctured codes over small alphabet sizes. Using this generalization, we show
that randomly punctured Reed-Muller codes have the same list decoding properties

as the original codes, even when the rate is improved to a constant.

3.1 Introduction

We recall that a random linear code C C Fy is a random subspace of Fy. The
dimension of C, which we will denote by k, is just the dimension of the subspace,
and the rate is defined to be R = k/n. We are interested in the trade-off between
the rate R and the list-decoding radius p, for polynomial list-sizes L = poly(1/¢). In

particular, we would like to answer the following question:

Question: Do random linear codes have the same list-decoding radius
of random codes? More precisely, are random linear codes of rate (e?)

(probably) (p, L)-list-decodable for p=1—1/q¢ — e and L = 1/£*?

As mentioned in the previous chapters, understanding the trade-offs in list decod-
ing is interesting not just for communication, but also for a wide array of applications
in complexity theory. List decodable codes can be used for hardness amplification of
boolean functions and for constructing hardcore predicates from one-way functions,
and they can be used to construct randomness extractors, expanders, and pseudo-
random generators [43,102, 108]. Beyond that, understanding the behavior of linear
codes, and in particular random linear codes, is also of interest: decoding a random
linear code is related to the problem of learning with errors, a fundamental problem

in both learning theory [15,30] and cryptography [91].
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For most of these applications, the parameter regime of interest in when the error
rate p is very large. We saw in Section 2.2.1 that the largest we can hope for p to
be is 1 — 1/q. Thus, we study what happens when we back off just a little bit, to
p =1—1/q—e. For the work in this chapter, the computations will work out slightly

more nicely if instead we consider p = (1 — 1/4) (1 — ¢), so we'll do that.

3.1.1 Related work

Random linear codes are a very natural class of codes, and there have been many
works devoted to their list-decodability. Recall, we have already made such an at-
tempt in Chapter 2, Proposition 2.6. In order to set the stage, we first recall how we
arrived at that result.

In Chapter 2, in the proof of Theorem 2.4, we saw a proof that general random
codes are optimally list-decodable. The basic idea was that, for a set A of possible
messages and any received word z, there is only a very small probability that all of
the codewords corresponding to A are close to z. This probability is small enough
to allow for a union bound over the ¢" - (]Z) choices for A and z. However, as
we pointed out after the proof of Theorem 2.4, this argument crucially exploits the
independence between the encodings of distinct messages. If we begin with a random
linear code, then codewords are no longer independent, and the above argument
fails. We managed to find away around this in Proposition 2.6: by considering only
the linearly independent messages in A, we made the argument work, but we got
exponentially large list sizes of ¢®(1/9).

This exponential dependence on ¢ can actually be removed for a constant fraction
of errors, by a careful analysis of the dependence between codewords corresponding
to linearly dependent messages. When p is constant, rather than tending to 1 —1/¢,

Guruswami, Hastad, and Kopparty [44] show that a random linear code of rate
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1—Hy(p) —Cpq/Lis (p, L)-list decodable, where H,(r) = xlog,(q—1)—zlog,(z) —
(1 —x)log,(1 — z) is the g-ary entropy. This matches lower bounds of Rudra and
Guruswami-Narayanan [49,95]. However, for p = (1 — 1/4) (1 — €), the constant C,,
depends exponentially on ¢, and this result quickly degrades.

When p = (1 —1/q) (1 —¢€), Proposition 2.6, originally due to [116], gave the
best upper bounds for random linear codes with rate (e?) came until recently.
Closing the exponential gap in the list sizes between random linear codes and general
random codes was posed by [28]. Some progress was made in 2002 by Guruswami,
Hastad, Sudan, and Zuckerman [45], who proved the existence of a binary linear
code with rate Q(g?) and list size O(1/e?). However, this result only holds for
binary codes, and further the proof does not show that most linear codes have this
property. Cheraghchi, Guruswami, and Velingker (henceforth CGV) recently made
substantial progress on closing the gap between random linear codes and general
random codes [20]. Using a connection between list decodability of random linear
codes and the Restricted Isometry Property (RIP) from compressed sensing, they

proved the following theorem.

Theorem 3.1. (Theorem 12 in [20]) Let q be a prime power, and let €, > 0 be
constant parameters. Then for all large enough integers n, a random linear code
C CF} of rate R, for some

52

- Clog(l/v) log®(q/¢) log(q)

is ((1 —1/¢) (1 —€),0(1/&?))-list decodable with probability at least 1 — 7.

It is known that the rate cannot exceed O(e?); this follows from the list decoding
capacity theorem, Theorem 2.4, and we stated it in Corollary 2.5. Further, the recent

lower bounds of Guruswami and Vadhan [61] and Blinovsky [13,14] show that the list
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size L must be at least Q,(1/¢?). Thus, Theorem 3.1 has nearly optimal dependence
on ¢, leaving a polylogarithmic gap.

3.1.2 Contributions of Chapter 3

The extra logarithmic factors in the result of CGV stem from the difficulty in
proving that the RIP is likely to hold for randomly subsampled Fourier matrices.
Removing these logarithmic factors is considered to be a difficult problem. In this
work, we show that while the RIP is a sufficient condition for list decoding, it may
not be necessary. We formulate a different sufficient condition for list decodability:
while the RIP is about controlling the ¢, norm of ®z, for a matrix ¢ and a sparse
vector z with ||z||2 = 1, our sufficient condition amounts to controlling the ¢; norm of
dx with the same conditions on z. Next, we show, using (easy) techniques from high
dimensional probability, that this condition does hold with overwhelming probability
for random linear codes, with no extra logarithmic dependence on €. The punchline,

and our main result, is the following theorem.

Theorem 3.2. Let q be a prime power, and fix € > 0. Then for all large enough

integers n, a random linear code C C ¥y of rate R, for
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R>C
—  log(q)

is ((1 —1/q) (1 — ) ,0(1/&?))-list decodable with probability at least 1 — o(1). Above,

C' is an absolute constant.

There are three differences between Theorem 3.1 and Theorem 3.2. First, the
dependence on ¢ in Theorem 3.2 is optimal. Second, the dependence on ¢ is also
improved by several log factors, although it is still not quite correct—we will return
to this in Chapter 4. Finally, the success probability in Theorem 3.2 is 1 — o(1),

compared to a constant success probability in Theorem 3.1. As an additional benefit,
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the proof on Theorem 3.2 is relatively short, while the proof of the RIP result in [20]
is quite difficult.

After proving Theorem 3.2, we then generalize our approach to apply to not-
necessarily-uniform ensembles of linear codes. We formulate a more general version
of Theorem 3.2, and give examples of codes to which it applies. Our main example is
linear codes C of rate Q(g?) whose generator matrix is chosen by randomly sampling
the columns of a generator matrix of a linear code Cy of nonconstant rate. Ignoring
details about repeating columns, C can be viewed as randomly punctured version of
Co. Random linear codes fit into this framework when Cy is taken to be RM,(1, k),
the g-ary Reed-Muller code of degree one and dimension k. We extend this in a
natural way by taking Co = RM(7,m) to be any (binary) Reed-Muller code.! Tt
has recently been shown [40,76] that RM(r, m) is list-decodable up to 1/2 — ¢, with
exponential but nontrivial list sizes. However, RM(r, m) is not a “good” code, in the
sense that it does not have constant rate. In the same spirit as our main result, we
show that when RM(r,m) is punctured down to rate O(g?), with high probability
the resulting code is list decodable up to radius 1/2 — e with asymptotically no loss

in list size.

3.1.3 Overview of the approach

The CGV proof of Theorem 3.1 proceeds in three steps. The first step is to
prove an average-distance Johnson bound, a la Theorem 2.8. The second step is
a translation of the coding theory setting to a setting suitable for the RIP: a code
C is encoded as a matrix ® whose columns correspond to codewords of C. This

encoding has the property that if ® had the RIP with good parameters, then C is

1We saw Reed-Muller codes (Definition 2.12) earlier in the context of locally decodable codes. The parameter
settings we are interested in for list-decoding are a little different—we will return to these later—but the definition
is the same.
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list decodable with similarly good parameters. Finally, the last and most technical
step is proving that the matrix ® does indeed have the Restricted Isometry Property
with the desired parameters.

In this work, we use the second step from the CGV analysis (the encoding from
codes to matrices), but we bypass the other steps. While both the average case
Johnson bound and the improved RIP analysis for Fourier matrices are clearly of
independent interest, our analysis will be much simpler, and obtains the correct

dependence on ¢.

3.1.4 Chapter organization

In Section 3.2, we fix some notation and recall some definitions, and also introduce
the simplex encoding map from the second step of the CGV analysis. In Section 3.3,
we state our sufficient condition and show that it implies list decoding, which is
straightforward. We take a detour in Section 3.3.1 to note that the sufficiency of our
condition in fact implies the sufficiency of the Restricted Isometry Property directly,
providing an alternative proof of Theorem 11 in [20]. In Section 3.4 we prove that
our sufficient condition holds, and conclude Theorem 3.2. Finally, in Section 3.5, we
discuss the generality of our result, and show that it applies to other ensembles of

linear codes.

3.2 A few more definitions

First, we recall some of the notation we’ll need. Throughout, we will be interested
in linear, g-ary, codes C with length n and size |C|] = N. We use the notation
lq) = {0,...,q — 1}, and for a prime power ¢, F, denotes the finite field with ¢
elements. When notationally convenient, we identify [¢] with F,; for our purposes,

this identification may be arbitrary. We let w = e?™/4 denote the primitive ¢** root



60

of unity, and we use ¥ C {0,1}" to denote the space of L-sparse binary vectors.

For two vectors x,y € [q]|", the relative Hamming distance between them is

S(w0) = I1i w1 £ wiHl.

Throughout, C; denotes numerical constants.
We recall Definition 2.3 of list-decodability: a code is list-decodable if any possible
received word z does not have too many codewords close to it. For convenience, we

repeat the definition here.

Definition 3.3. A code C CFy is (p, L)-list decodable if for all =z € Fy,

HeeC : d(c,w) <p}| < L.

A code is linear if the set C of codewords is of the form C = {2G | x € F}}, for
a k x n generator matrix G. We say that C is a random linear code of rate R if the
image of the generator matrix G is a random subspace of dimension k = Rn.

Below, it will be convenient to work with generator matrices G' chosen uniformly
at random from ]F’;X”, rather than with random linear subspaces of dimension k.
These are not the same, as there is a small but positive probability that GG chosen

this way will not have full rank. However, we observe that

k—1
(3.1) P{rank(G) <k} = [ (1—¢™") =1 - o(1).

r=0
Now suppose that C is a random linear code of rate R = k/n, and C’ is a code with a

random k x n generator matrix G. Let E be the event that C is (p, L)-list decodable

for some p and L, and let E’ be the corresponding event for C’. By symmetry, we
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P{E} =P{E" | rank(G) = k}
> P{E' Arank(G) = k}
>1-P{E} - P{rank(G) < k}

= ]P{El} - 0(1)7

where we have used (3.1) in the final line. Thus, to prove Theorem 3.2, it suffices
to show that C’ is list decodable, and so going forward we will consider a code C
with a random k x n generator matrix. For notational convenience, we will also treat
C = {zG | x € FF} as a multi-set, so that in particular we always have N = [C| = ¢*.
Because by the above analysis the parameter of interest is now k, not |C|, this will
be innocuous.

We make use the simplex encoding used in the CGV analysis, which maps the

code C to a complex matrix &.

Definition 3.4 (Simplex encoding from [20]).

Define a map ¢ : [q] — CI71 by o(x)(a) = w™ for a € {1,...,q— 1}. We extend
this map to a map ¢ : [q]" — C™=Y in the natural way by concatenation. Further,
we extend ¢ to act on sets C C [q|™: ¢(C) is the n(q — 1) x N matriz whose columns

are p(c) for c e C.

Notice that when ¢ = 2, the simplex encoding ® = ¢(C) is the same as the matrix
® in our proof of the average-radius, average-distance Johnson bound in Theorem 2.8.
Suppose that C is a g-ary linear code with random generator matrix G' € IF’;X", as
above. Consider the n x N matrix M which has the codewords as columns. The rows
of this matrix are independent—each row corresponds to a column ¢ of the random

generator matrix G. To sample a row r, we choose t € IF’; uniformly at random
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(with replacement), and let r = ((¢,2)).cps. Let T denote the random multiset with
elements in IE"; consisting of the draws ¢. To obtain ® = ¢(C), we replace each symbol
p of M with its simplex encoding ¢(f3), regarded as a column vector. Thus, each
row of ® corresponds to a vector ¢t € T' (a row of the original matrix M, or a column
of the generator matrix G), and an index o € {1,...,¢ — 1} (a coordinate of the
simplex encoding). We denote this row by f; .

We use the following facts about the simplex encoding, also from [20]:

1. For z,y € [q]|",
(3.2) (p(x), 0(y)) = (¢ — 1)n — qd(z,y)n.

2. If C is a linear code with a uniformly random generator matrix, the columns of
® are orthogonal in expectation. That is, for z,y € Fy, indexed by ,j € IF’;

respectively, we have

1
Ed(z,y) = —E Z Liiy2,d)

n
teT

=P{{t,49) # (t,J)}

Combined with (3.2), we have
E (p(z),¢(y)) = (¢ —1)n —qnEd(z,y)
(g=Dn z=y

0 T#y

This implies that

(3.3) E[®z|3 = ) zizE(p(c:),¢(c))) = (a = Dnllz]*

i,J€[N]
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3.3 Sufficient conditions for list decodability

Suppose that C is a linear code as above, and let ® = (C) € CMI=I*N he
the complex matrix associated with C by the simplex encoding. We first translate
Definition 2.3 into a linear algebraic statement about ®. The identity (3.2) implies
that C is (p, L — 1) list decodable if and only if for all w € Fy, for all sets A C C with

|A| = L, there is at least one codeword ¢ € A so that d(w, c) > p, that is, so that

(p(e), p(w)) < (¢ — 1)n — gpn.
Translating the quantifiers into appropriate max’s and min’s, we observe

Observation 3.5. A code C € [q]|" is (p, L — 1)-list decodable if and only if

ma max min (p(w), ¢(c)) < (¢ — 1)n — gpn.
weld ACC|A=L eeA (p(w), p(c)) < (¢—1)n—qp

When p = (1 —1q) (1 —¢), C is (p, L — 1)-list decodable if and only if

3.4 ' < (g —D)ne.
340 s s min () 0) < (0~ ne

We seek sufficient conditions for (3.4). Below is the one we will find useful:

Lemma 3.6. Let C € F} be a g-ary linear code, and let ® = ¢(C) as above. Suppose

that

1
(3.5) 7 max ||zl < (g — Lne.

Then (3.4) holds, and hence C is ((1 —1/q) (1 —¢), L — 1)-list decodable.

Proof. We always have
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SO

max max min {(p(w), ¢(c)) <

ax ma
welgl™ |A|I=L ceA max rmax (p(w), ¢(c))

1
L

1 T

T S B () e

1

7 2nax [l(w)lloo max | D]y
1

Thus it suffices to bound the last line by (¢ — 1)ne. O

Remark 3. There are two inequalities in the proof above. The first is passing from
list-decodability to average-radius list-decodability, which we mentioned in Chapter 2.
The second is the more serious inequality, and it is here that we give up on large q.
Indeed, for q = 2, the second inequality in the proof of Lemma 3.6 is an equality, and

nothing is lost. As q grows, this becomes more and more lossy.

3.3.1 Aside: the Restricted Isometry Property

A matrix A has the Restricted Isometry Property (RIP) if, for some constant §

and sparsity level s,
(1 =0)lzl3 < | Az]3 < (1 +9)]l=l2

for all s-sparse vectors x. The best constant 6 = (A, k) is called the Restricted
Isometry Constant. The RIP is an important quantity in compressed sensing—an
area of signal processing—and much work has gone into understanding it. See [31]

for an excellent overview of compressed sensing, including the RIP.

CGV have shown that if \/ﬁgp(C) has the RIP with appropriate parameters, C
n(q—

is list decodable. The proof that the RIP is a sufficient condition follows, after some
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computations, from an average-distance Johnson bound. While the average-distance
Johnson bound is interesting on its own, in this section we note that Lemma 3.6

implies the sufficiency of the RIP immediately. Indeed, by Cauchy-Schwarz,

1 -1
Lo [0z < Y=Y o aa),
l‘EEL J)GEL
n(g—1
< % (\/n(q —1)(1+9) 5«2%1{ ||x||2)
n(g—1)

IN

where ® = ¢(C), and § = §(®, L) is the restricted isometry constant for & =

n(l_qq)q) and sparsity L. By Lemma 3.6, this implies that

o0+1
— <€

VL
also implies (3.4), and hence ((1 —/q) (1 —¢), L — 1)-list decodability. Setting 0 =

1/2, we may conclude the following statement:

For any code C C [q]", if ——¢(C) has the RIP with contant 1/2 and

V"
sparsity level L, then C is ((1 — 1/q) (1 —3/2vZ), L — 1)-list decodable.

This precisely recovers Theorem 11 from [20].

3.4 Random linear codes are optimally list-decodable over small alpha-
bets

We wish to show that, when ® = (C) for a random linear code C, (3.5) holds

with high probability. Thus, we need to bound max,es, ||Px||;. We write
(3.6) max || Pz||; < max E||®z||; + max|||Px|; — E|| D],
TEX], T€EX], TEX]

and we will bound each term separately. First, we observe that E||®z||; is correct.
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Lemma 3.7. Let C C Fy be a linear q-ary code with a random generator matriz.

Let & = ¢(C) as above. Then for any x € Xy,

1 n(qg—1)
—E|® < —

Proof. The proof is a straighforward consequence of (3.3). For any x € ¥, we have

Ef®x]y < vnlg — DE[ @zl

< Vn(q—1) (E[®z]3)

1/2
= n(q—1)VL

using (3.3) and the fact that ||z||, = VL. O

Next, we control the deviation of ||®x||; from E|®x||;, uniformly over x € Xj.
We do not require the vectors ¢; be drawn uniformly at random anymore, so long as

they are selected independently.

Lemma 3.8. Let C C Fy be g-ary linear code, so that the columns ty,...,t, of the

generator matriz are independent. Then
1
TEmax|| @z}, — E|@z]] < Colg — 1)y/nn(N)
TEX]
with probability 1 — 1/poly(N), for an absolute constant Cy.

Remark 4. As noted above, we do not make any assumptions on the distribution of
the vectors ty,...,t,, other than that they are chosen independently. In fact, we do
not even require the code to be linear—it is enough for the vectors v; = (c(i))eec € [q]Y
to be independent. However, as we only consider linear codes in this work, we stick

with our statement in order to keep the notation consistent.
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As a warm-up to the proof, which involves a few too many symbols, consider first
the case when ¢ = 2, and suppose that we wish to succeed with constant probability.
Then the rows f; of ® are rows of the Hadamard matrix, chosen independently. By
standard symmetrization and comparison arguments (as we saw in Section 2.4, and

which we will make more precise below), it suffices to bound

—EmaXth fi,x :—EmaX<g,CI>x>

€Y

< E max (g, dx)
mEB

=E max (g,v),
yedBN

where above g = (g1, 9o, ..., 9n) is a vector of i.i.d. standard normal random vari-
ables, and Bf¥ denotes the ¢; ball in RY. The last line is the Gaussian mean width
of ®BY, which we discussed in Section 2.4 (Equation (2.11)). Fortunately, it is easy
to estimate the mean width of ®BY, which is a polytope contained in the convex
hull of +¢(c) for ¢ € C, (that is, the columns of ® and their opposites). As in (2.12),

taking convex hulls does not change the mean width, and so

E max (g.y) = Emax (g, ¢(c))

< 3y/log [C|\/E (g, ¢(c))?
= 3|¢[l2\/log(N)

= 3y/nlog(N)

which is what we wanted. Above, we used Fact 2.13 that (g, (c)) ~ N(0, [|¢(c)]3),
and then Proposition 2.14.

For general ¢ and failure probability o(1), there is slightly more notation, but the
proof idea is the same. We will need the following bound on moments of maxima of

Gaussian random variables.
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Lemma 3.9. Let X;,..., Xy be standard normal random variables (not necessarily

independent). Then
1/p
(EQ%(’XJP) < CiN'?\/p
for some absolute constant C.

We remark that while Lemma 3.9 is clearly suboptimal for small p (compare to
the bound we got for p = 1 above), we will apply it with p ~ In(N) and this will

give us the desired results.
Proof. Let Z = max;<y | X;|. Then
P{Z > s} < Nexp(—s?/2)
for s > 1. Integrating,
E|Z]P = /]P{Zp > s} ds
= /]P{Zp > P} pt?~ !t dt
<1+ N/OO exp(—t2/2)ptP~t dt
1
< 1+ Np2"°T'(p/2)
< 1+ (Np) (7).

Thus,

(E|Z1)P < NP p.
for some absolute constant Cf. O

Now we may prove the lemma.

Proof of Lemma 3.8. We recall the notation from the facts in Section 3.2: the rows
of ® are f;, for t € T, where T' is a random multiset of size n with elements chosen

independently from IFZ, and « € .
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To control the largest deviation of ||®z||; from its expectation, we will control
the p'™ moments of this deviation—eventually we will choose p ~ In(N). By a
symmetrization argument followed by a comparison principle (Lemma 6.3 and Equa-

tion (4.8), respectively, in [80]), for any p > 1,

Emax || ®x||, — E||Px]?
TEX]

p
:E -
max ZZ (ftarT) | = E| (fta, ) |)
teT ae]F*
p
<
QET]E wHGI%)L( th Z ’<ft,a7x
teT aG]F;
P
< CErEymax (¢ — 1) maXth (ftaar T)
= & teT
P

(3.7) < C947(q — 1)PE7E, max max

TEY LO{G*

th ftom

where the g; are i.i.d. standard normal random variables, and we dropped the abso-

lute values at the cost of a factor of four by a contraction principle (Equation (2.13)).
Above, we used the independence of the vectors f;, for a fixed o to apply the sym-
metrization.

For fixed a, let ®, denote ® restricted to the rows f;, that are indexed by a.
Similarly, for a column ¢(c) of @, let ¢(c), denote the restriction of that column to
the rows indexed by a. Conditioning on 7" and fixing « € Fy, let

th frr ) = (9, o) .

teT

Let BY¥ denote the ¢; ball in RY. Since ¥, C LB, we have

(Y1) C LO(BY) = conv{+Lp(c), : c€C}.
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Thus, we have

p
E, max max [ X (2, )]

= E, max max|(g,y)["

yed aEFZ

: <r» P
(3.8) < L’E, rﬁgggle%gl (9,0(c)a) 7,
using the fact that max,cconv(s) F'() = max,eg F(z) for any convex function F.

Using Lemma 3.9, and the fact that (g, ¢(c),) is Gaussian with variance ||p(c).[|5 =

n’
P p
LBy max gé%?' {9, 0(c)a) |
(3.9) < (C1 L yap(2N (g = 1))"7)".

Together, (3.7), (3.8), and (3.9) imply
Emax [[| Pz, — El|®z|,[”
TEX]
< CodP(q — 1)"Er (ClL\/np(2N(q - 1))1/p)p
< (146377 C1(g = 1) Lfip(an) )
= Q(p)".
Finally, we set p = In(/N), so we have
QUn(N)) < Cylq — 1)Ly/nTn(W),
for an another constant C'5. Then Markov’s inequality implies
1
P P —E||® In(N < —.
{max sl - Blocl,| > cmv) <
We conclude that with probability at least 1 — o(1),
1
7 max |||zl — Ef[@x]l,] < Colg — 1)v/nIn(N),

for Cy = eCl. O
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Now we may prove Theorem 3.2.

Proof of Theorem 3.2. Lemmas 3.7 and 3.8, along with (3.6), imply that

1 -1
= max [ @z, < ng—1)

LCBEL - \/z

with probability 1 — o(1). Thus, if

+ Co(q — 1)y/nIn(N)

(3.10) (¢—1) <% + Gy nln(N)> < (q— ne

holds, the condition (3.5) also holds with probability 1—o(1). Setting L = (2/:)* and

n= 403613(]\[) satisfies (3.10), so Lemma 3.6 implies that C is ((1 — 1/q) (1 —€),4/£?)-
list decodable, with k equal to

ne?

5N = ey P ing)

With the remarks from Section 3.2 following the definition of random linear codes,

this concludes the proof. ]

3.5 Generalization to randomly punctured codes

In this section, we show that our approach above applies not just to random linear
codes, but to many ensembles. In our proof of Theorem 3.2, we required only that
the expectation of ||®z||; be about right, and that the columns of the generator
matrix were chosen independently, so that Lemma 3.8 implies concentration. The
fact that ||®z||; was about right followed from the condition (3.3), which required
that, within sets A C C of size L, the average pairwise distance is, in expectation,
large. We formalize this observation in the following lemma, which can be substituted

for Lemma 3.7.
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Lemma 3.10. Let C = {cy,...,cn} C [q]" be a (not necessarily uniformly) random
code® so that for any A C [N] with |A| = L

(3.11) ()EZM,@ > (1—14) (1—n).

1<jeEA

Then for all x € ¥y,

1 1 2m(%)
EE”‘P(C)ﬂh <n(qg—1) T + L22 ‘

Proof. Fix € ¥, and let A denote the support of x. Then, using (3.2),
1 n(q 1) 1/2
ZE[¢(C)e]x < Ele©)l3)"”

1/2
E)  (p (%‘)))

TT

1,jEA
) 1/2
q— (]EZ q—ln—qn&(cz,cj)>
i,JEA
(g —1) I 1/2
q (Lq—1n+2( )n(q—l)n)
n(qg—1)
as claimed. O

Thus, we may prove a statement analogous to Theorem 3.2 about any distribution
on linear codes whose generator matix has independent columns, which satisfies
(3.11). Where might we find such distributions? Notice that if the expectation is
removed, (3.11) is precisely what we needed for the average-distance Johnson bound
(Theorem 2.8 in this thesis, or Theorem 8 in [20]) to work, and so any code Cy to

which the average-distance Johnson bound applies attains (3.11). However, such a

2C need not be linear, so we switch the alphabet from Fyq to [g] to emphasize that the field structure is not
important.
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code Cy might have substantially suboptimal rate—we can improve the rate, and still
satisfy (3.11), by forming generator matrix for a new code C from a random set of

columns of the generator matrix of Cy.

Definition 3.11. Fiz a code Cy C [g]™, and define an ensemble C = C(Cy) C [q]" as
follows. To draw C, choose a random multiset T = {t1,...,t,} of size n by drawing

elements of [no| independently with replacement. Then let

C=A{(ct;, --,c,) : c€Co}.

We will call C a random sampled version of Cy, with block length n.

Remark 5 (Sampling vs. Puncturing). We note that the operation of randomly
sampling a code (a term we just made up) is very similar to that of randomly punc-
turing a code (a term with a long and illustrious history). The only difference is
that we sample with replacement, while a randomly punctured code can be viewed
as a code where the sampling is done without replacement. These two distributions
are basically the same in the parameter regimes we consider: as such we will (and
have) occasionally abuse(d) language and refer(ed) to the operation in Definition 3.11
“puncturing.”

We also notice that since all we need is independence of the symbols, the results
would follow if we retained each coordinate in [ng] independently with probability
n/ng. This would actually be a punctured code, except that the length would now be

a random variable, with expected length n.

Replacing Lemma 3.7 with Lemma 3.10 in the proof of Theorem 3.2 immediately
implies that randomly sampled codes are list decodable with high probability, if the

original code C has good average distance.
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Corollary 3.12. Let Cy = {c1,...,cy} CF0 be any linear code with

é > dene) = (1-7) 1=

i<jeEA

for all sets A C [N] of size L. Set

2o=a(tyg(1-1
=47+ 7))
There is some R = Q(g?) so that if C = C(Cy) is as in Definition 3.11 with rate R,

then C is ((1 —Yq) (1 — &), L — 1)-list decodable with probability 1 — o(1).

The average-distance Johnson bound implies that if C is as in the statement of
Corollary 3.12, then the original code Cy is ((1 — 1/¢) (1 — &), O(1/e?))-list decodable,
for ¢ as above. Thus, Corollary 3.12 implies that C has the same list decodability
properties as Cy, but perhaps a much better rate.

As a example of this construction, consider the family of (binary) degree r Reed-
Muller codes, RM(r,m) C F5*. RM(r,m) can be viewed as the set of degree r,
m-variate polynomials over Fy. It is easily checked that RM(r,m) is a linear code of
dimension k =1+ (7) + () +--- + (') and minimum relative distance 27". The
random sampling C of RM(r,m) is a natural class of codes: decoding C is equivalent
to learning a degree r polynomial over F7' from random samples, in the presence of
(worst case) noise.

We cannot hope for short list sizes in this case, but we can hope for nontrivial
ones. Kaufman, Lovett, and Porat [76] have given tight asymptotic bounds on the
list sizes for RM(r, m) for all radii, and in particular have shown that RM(r,m) is
list decodable up to 1/2 — e with list sizes on the order of €™ ™) As [RM(r, m)| is
exponential in m”, this is a nontrivial bound. We will show that randomly sampled

Reed-Muller codes, with rate Q(e2), have basically the same list decoding parameters

as their un-punctured progenitors.
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Proposition 3.13. Let C = C(RM(r,m)) be as in Definition 3.11, with rate O(g?).

Then C is (Y/2(1 — €), L(¢))-list decodable with probability 1 — o(1), where

1 Or(mrfl)
L) = (=
o-(1)

where O, hides constants depending only on r.

Proof. We aim to find 7 so that (3.11) is satisfied. As usual, let N = |RM(r,m)].
We borrow a computation from the proof of Lemma 6 in [20]. Let A = A(e) be
the number of codewords of RM(r, m) with relative weight at most 1/2(1 — €?). Let
L = A/e* and choose a set A C [N] of size L. By linearity, for each codeword ¢;
with ¢ € A, there are at most A — 1 codewords ¢; within /2(1 — £?) of ¢;, out of

L — 1 choices for ¢;. Thus, the sum of the relative distances over j # 4 is at most

(L — A)-1/2(1 — £2). This implies

( > (e cy) zi f(;(l—g))

i<je ) (1 i) <%(1 ) 82))
%
E
2

1_52_E
L—-1

(1-0(%),

using the choice L = A/e? in the final line. Thus, in Corollary 3.12, we may take
n = 0(e?).

We conclude that the randomly punctured code C(RM(r,m)) of rate O(g?) is
(Y/2(1 —€), L — 1) list decodable, with list size L on the order of A/e?. It remains to

estimate A = A(e). It is shown in [76] that

which finishes the proof. O
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Another popular ensemble of linear codes is the Wozencraft ensemble [74,109],
which encodes an element x € Fr as (z,0q7, asr, ..., a,x) for uniformly random
a;j € For. In this case, the symbols within a codeword are not all independent, so
Lemma 3.10 does not apply. However, the techniques above extend immediately to
imply that a code from this ensemble (with 7 ~ k/e?) is ((1 — /q) (1 —),0(1/¢))-
list decodable with rate ¢%/k. (Previously, the only known result about the list
decodability of the Wozencraft ensemble follows from the Johnson bound, which
implies a rate on the order of ¢* for the same radius, so for very small ¢ this is
better). It would be interesting to see if this argument could be modified to obtain

constant rate for the Wozencraft ensemble, or for other ensembles of linear codes.

3.6 Conclusion

In this chapter, we have shown that a random linear code of rate {2 <®) is
(1 =14) (1 —€),0(1/e))-list decodable with probability 1 — o(1). Our result im-
proves the results of [20] in three ways. First, we remove the logarithmic dependence
on ¢ in the rate, achieving the optimal dependence on €. Second, it improves the
dependence on ¢ in the rate, from 1/log*(q) to 1/log(q). Finally, we show that list
decodability holds with probability 1 — o(1), rather than with constant probability.
As an added benefit, the proof is relatively short and straightforward. For constant
alphabet sizes ¢, this closes a question asked by [28]: Random linear codes are (up
to constant factors, with high probability) optimally list-decodable. For ¢ > 2, this
work is the first to establish even existence of such codes.

We also extended our argument to randomly punctured codes (modulo Remark

5). As an example, we considered Reed-Muller codes, and showed that they retain

their combinatorial list decoding properties with high probability when randomly
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punctured down to constant rate.
However, some questions remain. While these results are optimal for constant ¢,
they are not correct if ¢ is allowed to grow with €. We recall Corollary 2.5, which

gave upper bounds on the rate R when p = (1 —1/4) (1 — ¢): we had

2
. qe
R<1-H,(1-1/q—¢ Smm{s,—}.

In particular, our dependence on ¢ in Theorem 3.2 is off by a factor of g. Additionally,
when ¢ is large, say, larger than 1/¢%, then our quadratic dependence on ¢ is not
correct. In Chapter 4, we will address these questions, and see how to extend the

argument in this chapter to large alphabet sizes.
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CHAPTER 4

List Decoding: large alphabets and Reed-Solomon codes

When we last left our heroes (Alice and Bob) in Chapter 3, they had been able
(combinatorially speaking) to communicate using a random linear code, provided
the alphabet size was constant. However, the chapter ended on a cliff-hanger of
sorts. If Alice and Bob want to communicate over a larger alphabet, say, ¢ > 1/&2,
the results of Chapter 3 wouldn’t help much. There are several reasons to consider
larger alphabet sizes. In addition to the complexity-theoretic applications mentioned
in Chapter 2, our primary motivation for the work in the current chapter was the
Reed-Solomon codes of Definition 2.1. Because the symbols of Reed-Solomon codes
are indexed by the evaluation points ay, ..., a, € F,, we must have ¢ > n to define
them; in particular, ¢ cannot be constant if we are going to allow n — oo. As a final

piece of motivation, we like to resolve cliff-hangers.

4.1 Introduction

We will continue our exploration of list decoding, this time over larger alphabet
sizes. We recall that our goal is to understand list-decodability in the parameter

regime where p = 1 —1/q — ¢ is very large. The optimal rate to correct p fraction of

78
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errors is given by Theorem 2.4 and Corollary 2.5:

R*(q,e) :=1—Hy,(1—-1/q¢—¢) <min {5,%}.

As we mentioned in Chapter 2, for complexity applications it is often enough to
design a code with rate Q(R*(¢,¢)) with the same error correction capability.

In Chapter 3, we got the right dependence on ¢, when ¢ was constant. In this
chapter, we will also try to get the right dependence on ¢q. That is, we seek to
correct a p = 1 — 1/q — ¢ fraction of errors, with rate Q(R*(¢,e)). The quest for
such codes comes in two flavors: one can ask about the list decodability of a specific
family of codes, or one can ask for the most general conditions which guarantee
list decodability. The results in this chapter address open problems of both flavors,

discussed more below.

Specific families of codes with near-optimal rate. There has been significant
effort directed at designing efficiently-decodable codes with optimal rate. This has
led to the study of very specific families of list-decodable codes. The first non-trivial
progress towards this goal was due to work of Sudan [101] and Guruswami-Sudan [57]
who showed that Reed-Solomon (RS) codes ! can be list decoded efficiently from 1 —¢
fraction of errors with rate 2. This matches the Johnson bound (Theorem 2.7).
The work of Guruswami and Sudan held the record for seven years, during
which time RS codes enjoyed the best known tradeoff between rate and fraction
of correctable errors. However, Parvaresh and Vardy showed that a variant of
Reed-Solomon codes can beat the Johnson bound [87]. This was then improved
by Guruswami and Rudra who achieved the optimal rate of ¢ with Folded Reed-

Solomon codes [51]. Since then this optimal rate result has been achieved with other

IRecall Definition 2.1: an RS code encodes a low-degree univariate polynomial f over Fy as a list of evaluations
(f(a1),..., f(an)) for a predetermined set of n < g evaluation points in Fy.
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codes: derivative codes [62], multiplicity codes [78], folded Algebraic Geometric (AG)
codes [63] as well as subcodes of RS and AG codes [64]. There has also been a lot of
recent work on reducing the runtime and list size for folded RS codes [23,48,62].
Even though many of the recent developments on list decoding are based on
Reed-Solomon codes, there has been no non-trivial progress on the list decodability
of Reed-Solomon codes themselves since the work of Guruswami-Sudan. This is true
even if we only ask for combinatorial (not necessarily efficient) decoding guarantees,
and even for rates only slightly beyond the Johnson bound. The question of whether
or not Reed-Solomon codes can be list decoded beyond the Johnson bound was our

main motivation for this work:

Question 4.1. Are there Reed-Solomon codes which can be combinatorially list de-

coded from a 1 — € fraction of errors, with rate w (%) ?

This question, which has been well-studied, is interesting for several reasons. First,
Reed-Solomon codes themselves are arguably the most well-studied codes in the
literature. Secondly, there are complexity applications where one needs to be able
to list decode Reed-Solomon codes in particular: e.g. the average-case hardness of
the permanent [17]. Finally, the Johnson bound is a natural barrier and it is an
interesting to ask whether it can be overcome by natural codes.?

There have been some indications that Reed-Solomon codes might not be list
decodable beyond the Johnson bound. Guruswami and Rudra [50] showed that for
a generalization of list decoding called list recovery, the Johnson bound indeed gives
the correct answer for RS codes. Further, Ben-Sasson et al. [12] showed that for

RS code where the evaluation set is all of F,, the correct answer is close to the

2We note that it is easy to come up with codes that have artificially small distance and hence can beat the
Johnson bound; it is also known that Reed-Muller codes (Definition 2.12) can be list decoded beyond the Johnson
bound [39,40].
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Johnson bound. In particular, they show that to correct 1 — ¢ fraction of errors
with polynomial list sizes, the RS code with [F, as its evaluation points cannot have
rate better than €277 for any constant v > 0. However, this result leaves open the
possibility that one could choose the evaluation points carefully and obtain an RS
code which can be combinatorially list decoded significantly beyond the Johnson
bound.

Resolving the above possibility has been open since [56]: see e.g. [43,94,108] for

explicit formulations of this question.

Large families of codes with near-optimal rate. While the work on list decodability
of specific families of codes have typically also been accompanied with list decoding
algorithms, results on larger classes of codes are typically combinatorial. Two classic
results along these lines are (i) that random (linear) codes have optimal rate with
high probability, and (ii) the fact, following from the Johnson bound, that any code
with distance 1 — 1/q — €% can be list decoded from 1 — 1/q — € fraction of errors.

Results of the second type are attractive since they guarantee list decodability for
any code, deterministically, as long as the code has large enough distance. Unfortu-
nately, it is known that the Johnson bound is tight for some codes [55], and so we
cannot obtain a stronger form of (ii). However, one can hope for a result of the first
type for list decodability, based on distance. More specifically, it is plausible that
most puncturings of a code with good distance can beat the Johnson bound.

In Chapter 3, we obtained such a result for constant ¢. In particular, we showed
that any code with distance 1 — 1/¢ — €% has many puncturings of rate Q(¢?/log q)
that are list decodable from a 1 — 1/q — ¢ fraction of errors. This rate is optimal up

to constant factors when ¢ is small, but is far from the optimal bound of R*(g,¢) for
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larger values of ¢, even when ¢ depends only on ¢ and is otherwise constant. This

leads to our second motivating question, the cliff-hanger at the end of Chapter 3:

Question 4.2. [s it true that any code with distance 1—1/q—&* has many puncturings

of rate Q(R*(q,€)) that can list decode from 1 —1/q — ¢ fraction of errors?

4.1.1 Contributions of Chapter 4

We answer Questions 4.1 and 4.2 in the affirmative. Our main result addresses
Question 4.2. We show that random puncturings of any code with distance 1—1/q—¢&?

can list decode from 1 —1/q — ¢ fraction of errors with rate

min {e, ¢*}
log(q)log®(1/e)

A corollary of this is that random linear codes are list decodable from 1 —1/q — ¢

fraction of errors with the same rate. This improves upon our answers of Chapter 3
for ¢ > log”(1/¢), and is optimal up to polylogarithmic factors.

Our main result also implies a positive answer to Question 4.1, and we show that
there do exist RS codes that are list decodable beyond the Johnson bound. In fact,
most sets of evaluation points will work: we show that if an appropriate number of
evaluation points are chosen at random, then with constant probability the resulting

RS code is list decodable from 1 — ¢ fraction of errors with rate

g
log(q) log®(1/e)

This beats the Johnson bound for

ggé(b;®>'

Finally, we prove some new average-distance, average-radius Johnson bounds,

which we will need for our main results. We saw such a bound for ¢ = 2 in Theorem



83

2.8, and here we extend it to large alphabets. The proofs of these bounds are very
similar to some of the proofs of the standard Johnson bound, and the fact that these
proofs extend to the average case appears to be folklore. However, it’s probably

worth writing them down, so we’ll do that in this chapter.

Relationship to impossibility results. Before we get into the details, we digress a
bit to explain why our result on Reed-Solomon codes does not contradict the known
impossibility results on this question. The lower bound of [50] works for list recovery
but does not apply to our results about list decoding.® The lower bound of [12]
does work for list decoding, but critically needs the set of evaluation points to be
all of F, (or more precisely the evaluation set should contain particularly structured
subsets F,). Since we pick the evaluation points at random, this property is no
longer satisfied. Finally, Cheng and Wan [19] showed that efficiently solving the list
decoding problem for RS codes from 1 — ¢ fraction of errors with rate Q(¢) would
imply an efficient algorithm to solve the discrete log problem. However, this result
does not rule out the list size being small (which is what our results imply), just that
computing the list quickly is unlikely.

4.1.2 Chapter Organization

Our main technical result addresses Question 4.2 and states that a randomly punc-
tured code* will retain the list decoding properties of the original code as long as the
original code has good distance. Our results for RS codes (answering Question 4.1)
and random linear codes follow by starting from the RS code evaluated on all of [F,

and the g-ary Hadamard code, respectively.

30ur results can be extended to the list recovery setting, and the resulting parameters obey the lower bound
of [50].
4Technically, our construction is slightly different than randomly punctured codes: see Remark 6.
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We’ll go over notation and review definitions in Section 4.2. In Section 4.3 we’ll
prove some average-radius, average-distance Johnson bounds which we will need.
Preliminaries over with, we give a more detailed technical overview of our approach
in Section 4.4. In Section 4.5 we state our main result, Theorem 4.6, about randomly
punctured codes, and we apply it to Reed-Solomon codes and random linear codes.
The remainder of the paper, Sections 4.6 and 4.7, are devoted to the proof of Theorem

4.6. Finally, we conclude with Section 4.8.

4.2 Yet more definitions

Motivated by Reed-Solomon codes, we consider random ensembles of linear codes

C C F*?

q» Where the field size ¢ is large. We recall that a code C C Fy is linear if it

forms a subspace of Fy. Equivalently, C = {xTG creTF ’;} for a generator matriz
G € F’;X". We will study the list decodability of these codes, up to “large” error
rates 1 — 1/q — e, which is 1 — O(e) when ¢ 2 1/e. We recall Definition 2.3 and
say that a code C C Fy is (p, L)-list-decodable if for all z € Fy, the number of
codewords ¢ € C with d(z,¢) < p is at most L. As usual, §(z, c) denotes the relative
Hamming distance between z and c. We will actually study a slightly stronger notion
of list decodability, which we waved our hands about in Chapters 2 and 3 and which
was explicitly studied in [49]. We say that a code C C F} is (p, L)-average-radius
list-decodable if for all z € F} and all sets A of L + 1 codewords ¢ € C, the average
distance between elements of A and z is at least p. Notice that standard list decoding
can be written in this language with the average replaced by a maximum.

As before, we are interested in the trade-off between ¢, L, and the rate of the
code C. The rate of a linear code C is defined to be dim(C)/n, where dim(C) refers to

the dimension of C as a subspace of [Fj. As in the small-alphabet case in Chapter 3,
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We’ll consider ensembles of linear codes where the generator vectors are independent;
this includes random linear codes and Reed Solomon codes with random evaluation
points. More precisely, a distribution on the matrices G induces a distribution on
linear codes. We say that such a distribution on linear codes C has independent
symbols if the columns of the generator matrix G are selected independently.

We will be especially interested in codes with randomly sampled symbols, where a
new code (with a shorter block length) is created from an old code by including a few
symbols of the codeword at random. We recall Definition 3.11 of a randomly sampled
code: suppose that Cy C F° is a g-ary code with block length ng. Form a new code
C C Fy from Cy by choosing n symbols uniformly at random, with replacement
from [ng]. That is, choose a multiset {t1,...,%,} C [no] by choosing each i; € [n]

independently, uniformly. Then for each x € F}, define C(x) by

C(z) = (Co(x)s, Co(@)sy, - -, Col)1,,)-
Notice that randomly sampled codes have independent symbols by definition.

Remark 6 (Sampling vs. Puncturing). We make the same remark here as we did
in Chapter 3, Remark 5. That is, the operation of randomly sampling a code is very
similar to that of randomly puncturing a code. The only difference is that we sample
with replacement, while a randomly punctured code can be viewed as a code where
the sampling is done without replacement. Our method of sampling is convenient
for our analysis because of the independence. However, for the parameter regimes we
will work in, collisions are overwhelmingly unlikely, and the distribution on randomly

sampled codes is indeed very similar to that of randomly punctured codes.

A few more bits of notation: as in Chapter 3, the size of C will be |C| = N, and

throughout we will consider linear codes C C Fy of block length n and message length
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k, with generator matrices G € F&*". For a message x € FF, we will write ¢ = C(x)
for the encoding C(z) = 2" G. We will be interested in subsets A C F} of size L (the
list size), which we will identify, when convenient, with the corresponding subset of
C.

For x,y € F7, let agr(z,y) = n(1 — d(z,y)) be the number of symbols in which z
and y agree. For a vector v = (vy,v9,...,v,) € R" and a set S C [n], we will use vg
to denote the restriction of v to the coordinates indexed by S. We use log to denote

the logarithm base 2, and In to denote the natural log.

4.3 Average-radius Johnson bounds

Now, we’ll prove two average-radius, average-distance variants on the Johnson
bound. These two statements are based on two proofs of of the (standard) Johnson
bound, found in [59] and [84], respectively. It appears to be folklore that such
statements are true (and follow from the proofs in the two works cited above), but

we include them below for completeness.

Theorem 4.3. Let C : IF]; — Fy be any code. Then for all A C F’; of size L and for
all z € Fy, and for all € € (0,1),
1 n
<—+—(1+H(1-=) - — :
S s, 2) < 5 5 (1) (1-7) 55 X scw.cm
Remark 7. As with Theorem 2.8, a “normal” Johnson-bound (a la Theorem 2.7) fol-

lows by bounding 6(C(x),C(y)) = 6(C) for all z,y, and by bounding ), agr(C(z), z) >

L min,cp agr(C(x), 2).

Proof. Fix a z € Fy. The crux of the proof is to map the relevant vectors over

[y to vectors in R™ as follows. Given a vector u € Fy, let v’ € R™ denote the
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concatenation
!/
U = (€uys Cupy -y Eu, ),
where e,, € {0,1}7 is the vector which is one in the u;’th index and zero elsewhere.

(Above, we fix an arbitrary mapping of F, to [¢]). In particular, for an = € A, we

will use C'(z) to denote the mapping of the codeword C(x). Finally let v € R™ be

1 —
v=5-z'+( 8)-1,
q

where 1 denotes the all-ones vector.

Given the definitions above, it can be verified that the identities below hold for

every x #y € A:

(4.1) (C'(x),v) =€ -agr(C(x),2) + (—,
n o 4 1
(4.2) (v,v) = 7 +¢ (1 - —) n,

(4.3) (C'(x),C'(y)) = n(1 = d(C(x),Cy)),

(4.4) C'(x),C'(z)) =n.



88

Now consider the following sequence of relations:

(4.5)
0< <Z (C'(x) —v), > (C'(x) - v>>
=) ({C@),CW) - > (C@),v)+ € W,v)+ Y (v,v)
= (C'@).C'x) + > (C'(x),C'(y) —2L-> (C'(x),v) + > (v,0)
rEA rF#YEN TEA RTTSIIN
(4.6)
=nL+n Y (1-4(C(x).C(y)
TH#YyEA
(I—¢)n s [N 4 1
—2L-x€ZA<s~agr(C(x),z)+ p )—i—L ~(E+8 (1—5)n)
T2 1 (1 _2(1_8) —n x — . agr(C(z), z
R R (e 3 o) o) - 21 S aenC(a).
(4.7)
9 9 1 2
=nl?. ((1 + &%) (1 — E) + ?5) - nw;A(s(C(x),C(y)) —2Le- ; agr(C(z), z)

In the above, (4.5) follows from the fact that the norm of a vector is always positive
and (4.6) follows from (4.1), (4.2), (4.3) and (4.4).

Equation (4.7) then implies that

1 2
2L¢ - Zagr(C(m), z) <nL?- ((1 + &%) <1 — —) + —5> -n Z I(C(x),C(y)),
zeA q q TAYEN
which implies the statement after rearranging terms. O]

Next, we prove a second average-radius variant of the Johnson bound, which has

been copied almost verbatim from [84].

Theorem 4.4. Let C : F'g — [y be any code. Then for all A C ]F’; of size L and for
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all z € Fy,

Zagr(C(m), z) < % n+ \/n2 +4n?L(L — 1) — 4n? Z 5(C(z),C(y))

xEA TAYEA

Proof. For every j € [n], define

a; = [{x € A|C(z); = z}|.

Note that
(4.8) > ;=) agr(C(x),2),
j=1 zEA
and
n a 1 n
£t E T
j=1 J=1 z#yeA
< Z 1C(:Jc)j=c(y)j
j=1 z#yeA
1
=3 Z agr(C(z),C(y))
TFYEA
L(L—1)n n
(4.9) = (T> ~3 2 0C@.c).
TAYEN

Next, note that by the Cauchy-Schwartz inequality,

2
> (5) 5 (D 2e) = (320 -
J=1 Jj=1 j=1 j=1
Combining the above with (4.8) and (4.9) implies that

(Z agr(C(), z)> —n-Y agr(C(x), 2)— <n2L(L —1)-n* ) (5(C(x),C(y))> <0,

xEA x€EA TFAYEN

which in turn implies (by the fact that the sum we care about lies in between the

two roots of the quadratic equation) that

Zagr(C(m),z)S% n+\/n2+4n2L<L—1)—4n2 S s(C@),cw) |,

x€EA T#YEA

which completes the proof. O]
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4.4 Overview of approach

In this section, we give a technical overview of our argument, and point out
where it differs from previous approaches, and in particular from the approach in
Chapter 3. The main difficulty that arose in Chapter 3, and again arises here, is
that the codewords are not independent. When the codewords are independent, as
with a general random code, we saw in the proof of Theorem 2.4 that optimal list-
decodability follows from a simple union bound: for a given set of messages A and
a received word z, the probability that z lies close to the encodings of all messages
in A is extremely small. However, without independence, this probability is not so
small, and this approach fails.

In Proposition 2.6, we got around this by considering only the linearly independent
messages in A, but at the cost of exponentially large list sizes. The exponential
dependence on ¢ can actually be removed for a constant fraction of errors, by a careful
analysis of the dependence between codewords corresponding to linearly dependent
messages [44]. However, such techniques do not seem to work in the large-error
regime that we consider. Instead, in Chapter 3, we avoided analyzing the dependence
between the codewords by (impicitly) doing the union bound in a smarter way. By
considering the geometry of these sets A, we used a mean-width argument to take
advantage of the fact that the well-behaved-ness of the all of the A followed from
the well-behaved-ness of a few extreme cases. We could indeed afford a union bound
over these few cases.

However, the argument in Chapter 3 did not scale well with ¢; we pointed out
in Remark 3 where we gave up on large alphabet sizes. Handling large alphabets is

necessary for the application to Reed-Solomon codes. In this chapter, we’ll follow
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the same basic idea of Chapter 3—avoiding the naive union bound using techniques
from high-dimensional probability—but we will handle large alphabets. Instead of
a simple mean-width argument, we’ll have to get our hands a little dirtier and do
a chaining argument, like we outlined in Chapter 2, Section 2.4. We outline the
approach in slightly more detail below.

As before, our proof actually establishes average-radius list decodability, which
has the advantage of linearizing the problem. However, instead of using the simplex
embedding to formulate a sufficient condition, like we did in of Section 3.3 in the
previous chapter, we will be a little more direct. After some rearranging (which is

encapsulated in Proposition 4.5), it turns out that it’s sufficient to control

Z agr(z,c) = Z Z | P

ceEA ceN j=1

uniformly over all A C C and all z € IFZ.
We will show that this is true in expectation; that is, we will bound

(4.10) Er%ixZi 1o,—,.

ceN j=1

The proof proceeds in two steps. The first (more straightforward) step is to argue
that if the expectation and the maximum over A were reversed in (4.10), then we
would have the control we need. To that end, we introduce a parameter

n
& = max Emax E E 1e=;-
[A|I=L  z€Fy

ceN j=1

It is not hard to see that the received word z which maximizes the agreement is the
one which, for each j, agrees with the plurality of the ¢; for ¢ € A. That is,

22%252 Z lo,—., = Zgl&); Hee A :¢j=a} = Zplurahtyj (A).
j=1

7 cen j=1 j=1

Thus, to control £, we must understand the expected pluralities. For our applica-

tions, this follows from standard Johnson-bound type arguments.



92

Of course, it is generally not okay to switch expectations and maxima; we must
also argue that the quantity inside the maximum does not deviate too much from
its mean in the worst case. This is the second and more complicated step of our

argument. We must control the deviation

n

(4.11) Z (plurality;(A) — Eplurality;(A))

=1

uniformly over all A of size L. By the assumption of independent symbols (that is,
independently chosen evaluation points for the Reed-Solomon code, or independent
generator vectors for random linear codes), each summand in (4.11) is independent.

Sums of independent random variables tend to be reasonably concentrated, but,
as pointed out above, because the codewords are not independent there is no reason
that the pluralities themselves need to be particularly well-concentrated. Thus, we
cannot handle a union bound over all A C C of size L. Instead, we use a chaining
argument to deal with the union bound; the idea is that if the set A is close to
the set A’ (say they overlap significantly), then we should not have to union bound
over both of them as though they were unrelated. Our main theorem, Theorem 4.6,
bounds the deviation (4.11), and thus bounds (4.10) in terms of £. We control £
in the Corollaries 4.7 and 4.8, and then explain the consequences for Reed-Solomon
codes and random linear codes in Sections 4.5.2 and 4.5.3.

We prove Theorem 4.6 in Section 4.6. To carry out the intuition above, we first
pass to the language of Gaussian processes, as per Figure 2.12. Through some stan-
dard tricks from high dimensional probability (the symmetrization and comparison
arguments that we saw in Section 2.4), it will suffice to instead bound the Gaussian

process

(4.12) X(A) = i gjplurality;(A).

j=1
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uniformly over all A of size L, where the g; are independent standard normal random
variables.

Now, we condition on C, considering only the randomness over the Gaussians. We
control this process in Theorem 4.9, the proof of which is contained in Section 4.7.
The process (4.12) induces a metric on the space of sets A: A is close to A’ if the
vectors of their pluralities are close, in /5 distance. Indeed, if A is close to A’ in this
sense, then the corresponding increment X (A) — X (A’) is small with high probability.
Now the situation is more in line with that discussed in Section 2.4 in Chapter 2,
and our intuition about “wasting” the union bound on close-together A and A’ can
be made precise. In particular, Dudley’s theorem [80,104] bounds the supremum of
the process in terms of the size of e-nets with respect to this distance.

Thus, our proof of Theorem 4.9 boils down to constructing nets on the space of
A’s. In fact, our nets are quite simple—smaller nets consist of all of the sets of size
L2t for t = 1,...,log(L). However, showing that the width of these nets is small
is trickier. Our argument actually uses the structure of the chaining argument that
is at the heart of the proof of Dudley’s theorem: instead of arguing that the width
of the net is small, we argue that each successive net cannot have points that are
too far from the previous net, and thus build the “chain” step-by-step. With some
work, one can abtract out a distance argument and apply Dudley’s theorem as a
black box. However, at the point that we are explicitly constructing the chains,
it actually takes a bit longer to package things up for Dudley’s theorem than to
write out the chaining argument directly. To this end, (and to keep the dissertation
self-contained), we unwrap Dudley’s theorem in Section 4.7.2, as part of our proof.

We construct and control our nets in Lemma 4.10, which we prove in Section 4.7.3.

Briefly, the idea is as follows. In order to show that a set A of size L/2" is “close” to
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some set A’ of size L/21, we use the probabilistic method. We choose a set A’ C A
at random, and argue that in expectation (after some appropriate normalization),
the two are “close.” Thus, the desired A’ exists. However, the expected distance of

A to A’ in fact depends on the quantity

Q; = max Zpluralityj(/\).
j=1

|AI=L/2t
For ¢t = 0, this is the quantity that we were trying to control in the first place in
(4.10). Carrying this quantity through our argument, we are able to solve for it at
the end and obtain our bound.

Controlling @Q; for t > 0 requires a bit of delicacy. In particular, as defined
above Qo) is deterministically equal to n, which it turns out is too large for our
applications. To deal with this, we actually chain over not just the A, but also the
set of the symbols j € [n] that we consider.” In fact, if we did not do this trick, we
would recover (with some extra logarithmic factors) our results from Chapter 3.

Our argument has a similar flavor to some existing arguments in other domains,
for example [92,93], where a quantity analogous to @y arises, and where analogous
nets will work; indeed, those works are a major inspiration for our approach. There
are a few main differences between that work and what we do here, although it is
possible that one could re-frame our argument to mimic those. The first difference is
that our proof of distance is structurally quite different; we actually prove distance
step-by-step, by constructing the chains. The second difference is the trick described
above, where we chain over the symbols j € [n] as well as the sets A. This is the
part that makes the argument obnoxious to repackage for Dudley’s theorem. One
informal way to describe this trick is to say that we use qualitatively different chains

for different sets A; how the set I C [n] of evaluation points changes over the chain

5In particular we lied a little bit above, and (4.12) is not actually the Gaussian process we end up analyzing.
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depends on the initial set A. In this sense, our argument smells a bit more like the

“generic chaining” of [104].

4.5 Main theorem

In this section, we state our main technical result, Theorem 4.6. To begin, we first
give a sufficient condition for list decodability, which is weaker than the sufficient
condition we gave in Chapter 3. This sufficient condition is known as average-radius
list-decodability. It’s been implicitly studied for a long time (indeed, we used it
implicitly in Chapter 3, and this is the condition that our average-radius Johnson
bounds of Section 4.3 show), and it was first explicitly studied in [49]. All of our
results in this chapter will actually show average-radius list decodability, and the
following proposition shows that this will imply the standard notion of list decod-

ability.

Proposition 4.5. Suppose that

max —max Z agr(C(x),z) < nL (5 + 1) :
xEA

z€Fy ACFk |A|I=L q

Then C is (1 —1/q — e, L — 1)-list decodable.

Proof. By definition, C is (1 — /g —¢, L — 1)-list decodable if for any z € F}; and any
set A C FF of size L, there is at least one message x € A so that agr(C(x), z) is at
most n (¢ 4+ 1/q), that is, if
. 1
Izré%? |r/r\1|i>z min agr(C(x),z) <n <€ + 5) :

Since the average is always larger than the minimum, it suffices for

1
max max Zagr(C(aj), z) < Ln (5 + —) ,
eA

2€Fy [Al=L £ q

as claimed. O
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Our main theorem gives conditions on ensembles of linear codes under which
Emax; s >, agr(C(z), z) is bounded. Thus, it gives conditions under which Propo-

sition 4.5 holds.

Theorem 4.6. Fix e > 0. Let C be a random linear code with independent symbols.

Let
€=, e (Z wer(C(). z>) |
Then
Bomge, x| 3 am(C(a).2) SE+Y + VEV,
where

Y = CyLlog(N)log’(L)
for an absolute constant Cy.

Together with Proposition 4.5, Theorem 4.6 implies results about the list decod-

ability of random codes with independent symbols, which we present next.

Remark 8. We have chosen the statement of the theorem which gives the best bounds
for Reed-Solomon codes, where q > L is a reasonable parameter regime. An inspec-

tion of the proof shows that we may replace one log(L) factor with min{log(L),log(q)}.

Before we prove Theorem 4.6, we derive some consequences of it for randomly
sampled codes, in terms of the distance of the original code. We work out two
corollaries to this effect in Section 4.5.1 below. Our motivating examples are Reed-
Solomon codes with random evaluation points, and random linear codes, which both
fit within this framework. Indeed, Reed-Solomon codes with random evaluation
points are obtained by sampling symbols from the Reed-Solomon code with block

length n = ¢, and a random linear code is a randomly sampled Hadamard code.
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We’ll discuss the implications and optimality for the two motivating examples below

in Sections 4.5.2 and 4.5.3 respectively.

4.5.1 Codes with good distance have abundant optimally-list-decodable puncturings

We’ll prove two statements. The first holds for all ¢, but only yields the correct
list size when ¢ is small. The second holds for ¢ > 1/¢% and gives an improved
list size in this regime. As discussed below in Section 4.5.3, our results are nearly
optimal in both regimes. The proofs of both results follow from the average-radius
Johnson bounds of Section 4.3; they amount to controlling the quantity £. We state
both results first, and then prove them.

The following result is intended for use with small q.

2

Corollary 4.7 (Small q). Let Cy be a linear code over IF, with distance 1 — % -

Suppose that
< Colog(N)log®(L)
~  min{e, ¢e?}

Y

and choose C to be a randomly sampled version of Cy, of block length n. Then, with
constant probability over the choice of C, the code C is (1—1/q—&',2/e?)-list decodable,

where £ = (2 + \/5) €.

Corollary 4.7 holds for all values of ¢, but the list size L = 72 is suboptimal when
q 2 1/e. To that end, we include the following corollary, which holds when ¢ > 1/&?

and attains the “correct” list size.’

Corollary 4.8 (Large q). Suppose that ¢ > 1/€%, and that € is sufficiently small.

Let Cy be a linear code over F, with distance 1 — e?. Let

5
N> 2Cylog(N) log”(L)
€

)

6 As discussed below, we do not know good lower bounds on list sizes for large ¢; by “correct” we mean matching
the performance of a general random code.
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and choose C to be a randomly sampled version of Cy, of block length n. Then, with
constant probability over the choice of C, the code C is (1 — €',1/¢)-list decodable,

where € = He.

Remark 9 (Average-radius list decodability). We remark that the proofs of both
Corollaries 4.7 and 4.8 go through Proposition 4.5, and thus actually show average-
radius list decodability, not just list decodability. In particular, the applications to
both Reed-Solomon codes and random linear codes hold under this stronger notion as

well.
We prove Corollaries 4.7 and 4.8 below.

Proof of Corollary 4.7. Suppose that L > 2/&? and that the distance of Cy is at least
1—1/q—¢&*/2. We need an average-radius version of the Johnson bound, which we
provide in Theorem 4.3 in Appendix 4.3. By Theorem 4.3, for any z € Fy and for
all A C IF’; of size L,

(413) Y agr(C(z),2) < — + % (1+¢?) (1 — 1) — 2%5 > s(C(x).Cy)).

TEA

By Theorem 4.6, it suffices to control £. Since the right hand side above does not

depend on z,

£ =maxEcsmax Y agr(C(x),z
s CZEIF];;\ gr(C(z), 2)

< max E¢ max (ﬁ + nk (1+¢€?) <1 — l) - 5(C(m),C(y))>

Al=L = zeFE \ ¢ 2¢e q 2Le Mot
nlL nL 1 n
= —+ —(1+H)(1-=) - — Ecd(C(z),C
r/{lfi)i( 5 (1+e )( q) 5T xgy@ c6(C(), (y))>

(4.14) S%Jr%(lﬂg) (1_1>_n(L—1)< ﬁ‘%)



~nL nLe (3 1 ”(1_$_§)
_TJFT(? q>+
<@+3nL€+n

T q 4 2¢

(4.15) <nlL (1 + 5) .

q

In the above, (4.14) follows from the fact that the original code had (relative)
distance 1 —1/¢q—¢%/2 and that in the construction of C from Cy, pairwise Hamming
distances are preserved in expectation. Finally, (4.15) follows from the assumption
that L > 2/e?.

Recall from the statement of Theorem 4.6 that we have defined
Y = CyLlog(N)log®(L),
so the assumption on n implies that
Y < nLmin{e, g’}

Suppose that ge < 1, so that Y < nLge?. Plugging this along with (4.15) into

Theorem 4.6, we obtain

Ecmax max Zagr(C(a:),z) <E4Y +VEY

2€Fy ACF},[Al=L £
1 , 1
<nL(-+4¢e]+nlgs+nlylqe? | —+¢
q q

1
=nlL (—+5(1+q5+\/1—|—q5>)
q
1
<nlL <—+a<2+\/§>> ,
q
using the assumption that g¢ < 1 in the final line. Thus, Proposition 4.5 implies

that C is (1 — 1/ — (2 + v/2)e, 2/£?)-list-decodable.
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On the other hand, suppose that ge¢ > 1, so that Y < nLe. Then following the

same outline, we have

Ec max max Zagr ) <E+Y +VEY

2€F; ACFE|A|=L
1 1
< nlL (—+€> +nLe+ nlL 5(—+5)
q q
1 1
:nL(-ﬂ(zﬂ/—H))
q qe
1
§nL(——|—5<2+\/§>>,
q

using the assumption that ge > 1 in the final line. Thus, in this case as well, C is
(1 —1q— (2 + V/2)e, 2/e?)-list-decodable.

This completes the proof of Corollary 4.7. O]

Proof of Corollary 4.8. As with Corollary 4.7, we need an average-radius version of
the Johnson bound. In this case, we follow a proof of the Johnson bound from [84],
which gives a better dependence on ¢ in the list size when ¢ is large. For completeness,
our average-radius version of the proof is given in Appendix 4.3, Theorem 4.4.

We proceed with the proof of Corollary 4.8. By Theorem 4.4, for any 2 € F}/ and

for all A C IF’; of size L,

(4.16) Zagr

TEA

l\DIr—t

Tz#YEN

n+\/n2+4n2L( — 4n? Z J(C

By Theorem 4.6, it suffices to control £. Since the right hand side above does not

depend on z,

€ = max E¢ max Z agr(C(x), z

Al=L Fk
Al #€¥q zeA

Al=L Fk
[A| 2€Fk gl

(4.17) < max E; max % n+\/n2—|—4n2L(L—l)—4n2 Z 5(C(x),C(y))
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1
(4.18) < max o | n+ [n?+dn?L(L —4n? Y Eed(C (y))
Al=L Tz#YEN
1
(4.19) < 3 n+ [n?+4n2L(L 4n? Z 1 —¢?)
T#YEN

IN

+ /12 + 4n2L(L — 1)52>
n4+vn? + 4n2L252)

(4.20) < 2nLe.

In the above, (4.17) follows from (4.16). (4.18) follows from Jensen’s inequality.
(4.19) follows from the fact that the original code had (relative) distance 1 — &* and
that in the construction of C from Cy, pairwise Hamming distances are preserved in
expectation. Finally, (4.20) follows from the assumption that L > 1/e.

Now, Theorem 4.6 implies that

Ecmax max Zagr 2) <E4+Y +VEY

2€F; ACFE,|A|=L
2(E+Y)
<2(2nLle+Y)

< bdnle

where as before

Y = CyLlog(N)log’(L)

and where we used the choice of n in the final line. Choose &’ = 5¢, so that whenever
5e > 1/q, Proposition 4.5 applies and completes the proof. Because we have chosen
e > 1/,/q (which is necessary in order for Cy to have distance 1 — €?), the condition

that 5¢ > 1/q holds for sufficiently small . O
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Next, we’ll show how to apply Corollaries 4.7 and 4.8 to our headline results,

about Reed-Solomon codes and random linear codes.

4.5.2 Most Reed-Solomon codes are list-decodable beyond the Johnson bound

Our results imply that a Reed-Solomon code with random evaluation points is,
with high probability, list decodable beyond the Johnson bound. Recall Definition
2.1 of Reed-Solomon codes: For ¢ > n, and an integer k, and let {oy, ..., o, } CF, be
a list of “evaluation points.” The corresponding Reed-Solomon code C C Fy encodes

a polynomial (message) f € F,[z] of degree at most k — 1 as

C(f) = (f<a1>7f<a2>7 M) f(an>> S ]FZ

Note that there are ¢* polynomials of degree at most k — 1, and thus |C| = ¢*.

For Reed-Solomon codes, we are often interested in the parameter regime when
q > n is quite large. In particular, below we will be especially interested in the
regime when ¢ > 1/¢%, and so we will use Corollary 4.8 for this application. To
apply Corollary 4.8, let Cy be the Reed-Solomon code of block length ¢ (that is,
every point in F, is evaluated), and choose the n evaluation points (o;)?, for C

independently from F,. We will choose the block length n so that

 log(N)log(1/2)

£

As we discussed in Chapter 2, the generator matrix for C will have full rank, and so

the rate of C is at least

€

(4.21) B2 ioala) log*(1/2)

Before we investigate the result of Corollary 4.8, let us pause to observe what the

Johnson bound predicts for C. The distance of C is exactly 1 —(k—1)/n. Indeed, any
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two polynomials of degree k—1 agree on at most k— 1 points, and this is attained by,
say, the zero polynomial and any polynomial with & distinct roots in {1, ..., a,}.
Thus, letting ¢ = (k — 1)/n, the Johnson bound predicts that C has rate ¢, distance
1 — &, and is list decodable up to 1 — O(y/¢), with polynomial list sizes.

Now, we compare this to the result of Corollary 4.8. The distance of Cj is 1 —
(k —1)/q, so as long as q = k/e%, we may apply Corollary 4.8. Then, Corollary 4.8

implies that the resulting Reed-Solomon code C has rate

(i)
log(q)log®(1/¢) )’
distance 1 — ¢, and is list decodable up to radius 1 — 5¢, with list sizes at most 1/¢.

In particular, the tolerable error rate may be as large as 1 — O(e), rather than

1 — O(4/2), and the rate suffers only by logarithmic factors.

4.5.3 Near-optimal bounds for random linear codes over large alphabets

In addition to implying that most Reed-Solomon codes are list decodable beyond
the Johnson bound, Corollaries 4.7 and 4.8 provide the best known bounds on random
linear codes over large fields; this improves on the results of Chapter 3 for large q.
Our new results are tight up to constant factors.

Suppose that Cp is the Hadamard code over I, of dimension k; that is, the gen-
erator matrix of Cy € F'gqu has all the elements of F ’q“ as its columns. The relative
distance of Cy is 1 — /g, and so we may apply the corollaries with any £ > 0 that we
choose.

To this end, fix ¢ > 0, and let C be a randomly sampled version of Cy, of block

length

_— 2C, log(q*) log’(1/¢)
£
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Figure 4.1: The state of affairs for ¢g-ary random linear codes. Above, the list decoding radius is
1—1/q — e, and we have suppressed constant factors.

It is not hard to see that the generator matrix of C will have full rank with high

probability, and so the rate of C will be at least

min {¢, ge*}
2C,log(q)log’(1/¢)’

(4.22) R=k/n=

By Corollary 4.7, C is list decodable up to error radius 1 — 1/q — O(e), with list sizes
at most 2/e2. When ¢ 2> 1/&2, Corollary 4.8 applies, and we get the same result with
an improved list size of 1/e.

We compare these results to known results on random linear codes in Figure 4.1.
The best known results on the list decodability of random linear codes, from [111],
state that a random linear code of rate on the order of £2/log(q) is (1 — 1/q —
g,0(1/e?))-list decodable. This is optimal (up to constant factors) for constant g,
but it is suboptimal for large ¢. In particular, the bound on the rate is surpassed by

our bound (4.22) when ¢ > log”(1/e).
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When the error rate is 1 — 1/q — &, the optimal information rate for list decodable
codes is given by the list decoding capacity theorem, which implies that we must have
R <1—-H,(1—-1/q—¢). This expression behaves differently for different parameter
regimes; in particular, when ¢ < 1/e and ¢ is sufficiently small, we have

1~ H,(1-1/q—¢) = 210g(q)q(€1 —7 HOE),

while when ¢ > 290/9) the optimal rate is linear in e. For the first of these two
regimes—and indeed whenever ¢ < 1/poly(e)—our bound (4.22) is optimal up to
polylogarithmic factors in 1/e. In the second regime, when ¢ is exponentially large,
our bound slips by an additional factor of log(q).

For the ¢ < 1/&? regime, our list size of 1/? matches existing results, and when
q is constant it matches the lower bounds of [61]. For ¢ > 1/&2, our list size of 1/¢ is
the best known. There is a large gap between the lower bound of [61] and our upper
bounds for large q. However, there is evidence that the most of discrepancy is due
to the difficulty of obtaining lower bounds on list sizes. Indeed, a (general) random
code of rate 1 — H, (1 —1/q —¢) — 1/L is list-decodable with list size L, implying
that L = O(1/¢) is the correct answer for ¢ 2 1/e. Thus, while our bound seems
like it is probably weak for ¢ super-constant but smaller than 1/&2, it seems correct

for ¢ > 1/£2.

4.6 Proof of Theorem 4.6: reduction to Gaussian processes

In this section, we prove Theorem 4.6. For the reader’s convenience, we restate

the theorem here.

Theorem (Theorem 4.6, restated). Fiz e > 0. Let C be a random linear code with
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independent symbols. Let

&= E C :
s Fomax (Z agr(C(z), Z))

zeEA

Then

Ec max max Zagr 2) <E4Y +VEY,

z€Fy ACFE |A|=L
where

Y = CyLlog(N)log’(L)
for an absolute constant Cy.
To begin, we introduce some notation.

Notation 4.1. For a set A C IF’;, let pljc» denote the (fractional) plurality of index
Jj € n):

1
C _ _
pl;(A) = A ranea>q<|{x €N :C(x); =a}.

For a set I C [n], let

pl;(A) € [0,1]"

be the the vector (pl]c-(A))?:1 restricted to the coordinates in I, with the remaining

coordinates set to zero. When C is fized, we will drop the superscript for notational

clarity.

Rephrasing the goal in terms of our new notation, the quantity we wish to bound
is
(4.23) Ec max max » agr(C(z),z) = L - E¢ max Z plC

2€F7 |A|=L |A[=L
TEA Jj€[n]

Moving the expectation inside the maximum recovers the quantity

E=1L- max]EcZ plc

=L JE€M]
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which appears in the statement of Theorem 4.6. Since Theorem 4.6 outsources a
bound on £ to the user (in our case, Corollaries 4.7 and 4.8), we seek to control the

worst deviation

F:=1L- FEc e Z pIS(A) —Ec Y pI§(A)

Je["] j€ln]
c c
(4.24) =L-E¢ max ;} (P15 (A) — Ecpl;(A))|-
JEN

Indeed, let

so that L - E¢Q is the quantity in (4.23). Then,

EcQ = E¢; max Z plc — E¢ Z plg(A) + Ec Z PI?(A)

j€(n] JEM]

< E¢ max Z pljc. — E¢ Z plc + I/]\aax Ec Z plc

j€n] j€(n]

(4.25)

so getting a handle on F would be enough. With that in mind, we return our
attention to (4.24). By the assumption of independent symbols, the summands
in (4.24) are independent. By a standard symmetrization argument followed by a

comparison argument (Lemmas 2.16 and 2.17, respectively), we may bound

1
(4.26) 77 = Eemax |} (pLj(A) — Ecplj(A)
Jj€[n]

(4.27) < V21 EcE, max Z gj plc

J€n]

Above, g; are independent standard normal random variables.

Let

(4.28) So=A{[n]} x {ACF:: |A|=L},
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so that we wish to control

EcE, max
9 (1,0)ESo

Z 9; PIS (A

At this stage, maximimizing I over the one—element collection {[n]} may seem like a

silly use of notation, but we will use the flexibility as the argument progresses.
Condition on the choice of C until further notice, and consider only the randomness

over the Gaussian random vector g = (g1, ..., gn). In particular, this fixes Q = Q(C),

and also fixes the function pl°. In order to take advantage of (4.26), we will study

the Gaussian process

(4.29) X(I,A) =) g pl§(0)

indexed by (I,A) € Sy. The bulk of the proof of Theorem 4.6 is the following

theorem, which controls the expected supremum of X (7, A), in terms of Q.

Theorem 4.9. Condition on the choice of C. Then

B, max |X(,A) SCg\/Qlog(N) log”(L)

for some constant Cs.

We will prove Theorem 4.9 in Section 4.7. First, let us show how it implies

Theorem 4.6. By (4.26), and applying Theorem 4.9, we have

> g pls(z,A)
O\ jer

< C3V/27 LEe {\/ Qlog(N) log‘r’(L)}

F < V2r LE¢E; max
(I,A)eS,

< Cyv/27 L1/ EcQ log(N) log*(L)

Using the fact (4.25) that EcQ < 7 (€ + F),

F < Cyv/2m\[ L (€ + F) log(N) log*(L)

Y(E+F),
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where

Y := C22rLlog(N)log®(L).

Solving for F, this implies that

F

Y 4+ /Y2y
< It 2+ ¢ v ivve

Then, from (4.25) and the definition of @ (recall that L - EcQ is the quantity in
(123)),

Ec max Z agr(C(z),z) = LE:Q

TEA

<E+F

<E+Y +VYE,

as claimed. This proves Theorem 4.6.

4.7 Proof of Theorem 4.9: controlling a Gaussian process

In this section, we prove Theorem 4.9. Recall that the goal was to control the
Gaussian process (4.29) given by
X(I,A) =) g;plS(A).
jeI
Recall also that we are conditioning on the choice of C. Because of this, for notational
convenience, we will drop the superscript on pl°, and additionally identify A C IF’;
with the corresponding set of codewords {C(z) : x € A} € C. That is, for this

section, we will imagine that A C C is a set of codewords.

Notation 4.2. When the code C is fized (in particular, for the entirety of Section

4.7), we will identify A C F% with A C C, given by

A+ {C(x) : z € A}.
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To control the Gaussian process (4.29), we will use a chaining argument. We
outlined the basic intuition of such an argument in Section 2.4. More precisely, we

will define a series of nets, S; C 2"l x 2¢ and write, for any (Iy, Ag) € Sy,

tmax_ 1

[ X (Zo, Mo)| < ( > X (m(Lo, Ao)) —X(m+1(lo,/\o))|> + [ X (Tt (Lo, Ao))

t=0
where m(1p, Ag) € S; and tyax € Z will shortly be determined, my(lo, Ag) = (Lo, Ao)-

Then we will argue that each step in this “chain” (that is, each summand in the first
term) is small with high probability, and union bound over all possible chains.

For Gaussian processes, such chaining arguments come in standard packages, for
example Dudley’s integral inequality [80], or Talagrand’s generic chaining inequal-
ity [104]. We choose to unpack the argument for two reasons. The first and main
reason is that our choice of nets is informed by the structure of the chaining argu-
ment. Thus, it is clearer to define the nets in the context of the complete argument.
The second reason is to make the exposition self-contained.

We remark that, due to the nature of our argument, it is convenient for us to start
with the large nets indexed by small ¢, and the small nets indexed by large ¢; this is

in contrast with convention.

4.7.1 Defining the nets

We will define nets S;, for each ¢ recursively. Begin by defining Sy as in (4.28),
and let 7y : Sy — Sy be the identity map. Given S;, we will define S;,4, as well as
the maps 141 : So — Si1. Our maps 7, will satisfy the guarantees of the following

lemma.

Lemma 4.10. Fiz a parameter n = 1/log(L), and suppose co < L < N/2 is suffi-

ciently large, for some constant co. Let

_ log(L) — 2log(1/n) — 2
log(2/(1—mn)

(4.30) tmax
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Then there is a sequence of maps
T Sp — 2l x 2€
fort=0,... thax So that g is the identity map and so that the following hold.

1. For all (Ip,No) € So, and for allt = 0,... tmax, the pair (I;,Ay) = m(1y, Ao)

obeys
(4.31) Z; pL(A) < Q== (1+n)Q.
and

(4.32) (#)tL < A < <1+T”>tL.

2. For all (Iy,Ny) € So, and for allt = 0,... tmax — 1, the pair (I11,Ayq) =

1 (Lo, Ao) obeys

C log(L
(439 9180 = Pl (A, = YL
t

for some constant Cy.

3. Forallt=0,...,tnhax, define
St = {Wt(Io,Ao) . ([0,A0> € So} .
Then, fort > 1, the size of the net S; satisfies

(4.34) [Sel < Co (egzt) (eLZH)’

for some constant C, while |So| = (7).



112

4.7.2 Proof of Theorem 4.9 from Lemma 4.10: a chaining argument

Before we prove Lemma 4.10, we will show how to use it to prove Theorem 4.9.
This part of the proof follows the standard proof of Dudley’s theorem [80], and can
be skipped by the reader already familiar with it.” As outlined above, we will use
a chaining argument to control the Gaussian process in Theorem 4.9. We wish to
control

E max |X(I,A)].
(I,A)eSo

For any (Iy, Ao) € Sy, write

[ X (1o, Ao)| < (ni | X (me(fo, Mo)) — X(Wm(fo,/\t)))!) + [ X (Tt (T0; Mo)) |

t=0

(4.35) =: S(Io, Ao) + | X (7¢,,.... (Lo, No))|

where Lemma 4.10 tells us how to pick (I;, A;) := m(Ip, Ao), and where we have used
the fact that 7T0<Io, A0> = ([0, Ao)
Each increment

X(ﬂ-t(IO? AO)) - X(Trt-i-l(]()a AO)) = Z g; [1j61t plj (At) - 1j61z+1 plj(At-‘rl)}

i=1

7 Assuming that the reader is willing to take our word on the calculations.
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is a Gaussian random variable (see Fact 2.13) with variance

n

Z (leIt plj (At) - 1j€It+1 p1j<At+1>)

=1

2

— [Pl (A0) = Bl (A

% by (4.33)
< % by (4.32)
< Cf(t?;r(gé)?tlzg@) by (4.31)
- (%)2 (Qlog(L)(i(H?n))t) using 7 < 1/2.
< (67(774)2 (QlogL(L)Qt) using 7 = 1/log(L) and tyax < log(L).

Thus, for each 0 <t < ty.x, and for any u, a; > 0,

_2 - a?
P{|X (m(z,A)) — X(mz1(2,A))| > u-a;} < exp 5 2;21 (1j€]t oL (h)— Lor plj(AtH))Q)
< exp _2“2 G
> (5) ()
(4.36) —: exp (”;E i ) .

In the above, we used the fact that for a Gaussian variable g with variance o,
P{|g| > u} < exp(—u?/(26?)). Now we union bound over all possible “chains” (that
is, sequences {m;(ly, Ag)},) to bound the probability that there exists a (/y, Ag) € So
so that the first term S(lp, Ag) in (4.35) is large. Consider the event that for all
({0, No) € So,

| X (7 (Lo, Ao)) — X (meq1(Lo, Ao))| < w-ay,

for a; to be determined shortly. In the favorable case that this event occurs, the first
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term in (4.35) is bounded by

tmax -1 tmax -1

S(To, Mo) = Y [ X(mi(Io, Mo)) = X(mpa(To, Ao)) S u- > a,

=0 t=0
for all (1y, Ap). Let

Ce (eLA/fzt) (eL/ﬁtﬂ) t>1

(4.37) N, =

) =0

be our bound on |S;|, given by (4.34) in Lemma 4.10. Then probability that the

above good event fails to occur is at most, by the union bound,

tmax—1 tmax—1 2 2

—u’-a
P max S(ly,Ag) > u - a; p < Ny Ny exp | ——- ).
{(IO:AO)GSO (0 O) Z t} B tz; e p( (5t2 )

t=0

Indeed, there are at most N; N1 possible “steps” between (1o, Ag) and 71 (1o, Ao),
and the probability that any step at level ¢ fails is given by (4.36).

Choose
(438) ay = 2 ln (NtNt+1) (St.

This choice will imply that

tmax— 1

(4.39) E max S(ly,Ag) <2 Z

(In,A0)ESo -

Indeed, to establish (4.39), we may follow a (standard) computation similar to that

of Proposition 2.14 that we saw in Chapter 2. Let A = Ztm‘”‘ Then

E max S(I,A) = / P{maXS(I,A) >u} du

(I,A)eSo -0 (I,A)

oo tmax—1 ul. 2
§A+/ Z NtNtHeXp( 577 > du

A =0

tmax—1
— —2u?1In (N, N,
_ / Z NtNtHeXp( U nf(12 ¢ t+1)) du

AtO

t
max o0 _2 21 NN
S A+ Z NtNt+1/ exp( Y n( ¢ t+1)> du.

2
=0 u=A 4
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Repeating the trick (2.10), we estimate

o —2U2 In (NtNt+1) A A
< —21n (N, NV, < ——.
/u:A o ( A2 ~ 4In (NiNejq) (=210 (NelVewr)) < ANENE,

Plugging this in, we get

E max S(I,A) <A1+ - < 2A.
(I,A)eSo ( ) < 4 ; NtNt+1> -

In the last inequality, we used the definition of N; = Cjg (eL/zt) (GL/?H) if t > 1 and

Ny = (]z) In particular, we have used the fact that N; > 2 for our setting of

parameters. This establishes (4.39).

Now, plugging in our definition (4.38) of a; and then of §, and N, (Equations

(4.36) and (4.37), respectively),

) 1 [Qlog(L)2
N \/glog(N) (5 T)

(4.40) < log?(L)\/Qlog(N)log(L),
after using the choice of n = 1/log(L) and ty.x < log(L) in the final line.

With the first term S(Jo, Ag) of (4.35) under control by (4.40), we turn to the
second term, and we now bound the probability that the final term X (. (2, A)) is
large.  Let (Imax, Amax) = T, (Lo, o), 80 we wish to bound the Gaussian random

variable

X(ﬂ-tmax IO) AO Z g] pl max

]EImax
As with the increments in S(1y, Ag), we will first bound the variance of X (m_,. (1o, Ag))-

By (4.31), we know that

Z plj(Amax) S thax S GQ'

jEImax
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Further, since pl;(Anax) is a fraction, we always have
PL;(Amax) < 1.

By Hoélder’s inequality,

Z plj(AmaX)2 < ( Z plj(AmaX)) (mlax plj(Amax)) < GQ.

J€Imax J€Imax

Thus, for each (Iy,Ag) € So, X (m,..(Lo,No)) is a Gaussian random variable with

variance at most e@) (using Fact 2.13). We recall the choice from (4.30) of

_ log(L) — 2log(1/n) — 2
(4.41) bmax = =377 log(1/(1 —n))

for some constant C7, for sufficiently large L. Because there are |S,..| < (,, /é\,fmx)

> log(L) — 2loglog(L) — C7,

of these, Proposition 2.14 says that

E max _|X(m,,,(lo, Ao))| S VIn|S,,.] - vV@Q

(To,A0)€S0
< /L log(N)

< log(L)/Qlog(N),

using the choice of ¢, (and the bound on it in (4.41)) in the final line. Finally,

putting together the two parts of (4.35), we have

(442) B max X(lo,Ao) S log*(L)y/Qlog(N)log(L) + log(L)v/Qlog(N)

< log?(L)y/Qlog(N) log(L).
This completes the proof of Theorem 4.9 (assuming Lemma 4.10).

4.7.3 Proof of Lemma 4.10: the desired nets exist

Finally, we prove Lemma 4.10. We proceed inductively. In addition to the con-

clusions of the lemma, we will maintain the inductive hypotheses

(443) It-i—l g It and At+1 g At
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for all ¢.

For the base case, t = 0, we set m(ly, Ag) = (Iy,Ap). The definition of @) guar-
antees (4.31), and the definition of Sy guarantees (4.32). By definition |S,| < (7).
Further, since by definition Iy = [n], the first part of (4.43) is automatically satisfied.
(We are not yet in a position to verify the base case for the second part of (4.43),
having not yet defined A;, but we will do so shortly).

We will need to keep track of how the pluralities pl;(A;) change, and for this we

need the following notation.

Notation 4.3. Fora € F, and A CC, let

ceEAN:c=a
)= LeE8 e =

be the fraction of times the symbol o appears in the j’th symbol in A.

Now we define S; for ¢ > 1. Suppose we are given (I, ;) = m(lp,Aog) € S
satisfying the hypotheses of the lemma. We need to produce (111, Ay11) € S11, and
we will use the probabilistic method. We will choose I;,; deterministically based on
A;. Then we will choose A;;; randomly, based on A;, and show that with positive
probability, (I;41, A1) obey the desired conclusions. Then we will fix a favorable
draw of (I;11, A1) and call it 71 (Lo, Ao).

We choose I;.1 to be the “heavy” coordinates,

Iy = {j A pLi(Ar) > 7}:

for

_ 4eylog(L)
(4.44) V=

where ¢; is a suitably large constant to be fixed later. Notice that I;,; depends only

on A; (and on C, which for the moment is fixed).



118

Now consider drawing A;1; C A; at random by including each element of A; in
A¢41 independently with probability 1/2. We will choose some Ay from the support
of this distribution.

Before we fix A;;1, observe that we are already in a position to establish (4.43).
Indeed, the second part of (4.43) holds for all ¢, because A;y1 C A; by construction.
To establish the first part of (4.43) for ¢,¢ + 1, we use that A; C A;_; (by induction,

using (4.43) for ¢t — 1,¢), and this implies that for all j € I;4,
7 < |Ad| pLi(A)
= mgx|{c €N ¢ =al
< m3x|{c €Ny ¢ =0l
= [Ar] plj(At—l)v
and hence j € [;. Thus,
(4.45) L1 C I,

Before we move on to the other inductive hypotheses, stated in Lemma 4.10, we
must fix a “favorable” draw of A;;1. In expectation, A;; behaves like A;, and so the

hope is that the “step”
pl;, (As) — PlItH(AtH)

is small. We quantify this in the following lemma.

Lemma 4.11. For all j,

E [|At+1H Plj(At) - Plj(AtH)H < \/05‘At| log(L) plj(At)
and
E [|At+1’2(Plj(At) - p1j<At+1))2] < Cs|Ay|log(L) Plj(At)

for some constant Cs.
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Proof. The second statement implies the first, by Jensen’s inequality, so we prove
only the second statement. For each a € IF,;, and each j € [n], consider the random

variable

Vi) = |Apa| (vi(a, Apra) — vji(a, Ay))

-z (%)

cEMN:cj=a
1 1 |At+1|
I E
cEN:cj=a < 2 cENticj=a 2 |At|
= Y (&-5) ruter) Y (5
c 2 G\ 9 c
cENticj=a cEAt

= Z;(0) + W;(a),

where above & is 1 if ¢ € Ay; and 0 otherwise. Both Z;(a) and W;(a) are sums
of independent mean-zero random variables, and we use Chernoff bounds to control

them. First, Z;(«) is a sum of |A¢|vj(a, A;) independent mean-zero random variables,

and a Chernoff bound (Theorem 2.15) yields

P{|Z;(a) >u} <2 i <9 i
A== 2SR T oy, Ay ) = 2P\ AL (A )

Similarly, W;(«) is a sum of |A;| independent mean-zero random variables, each

contained in

{_Uj(o;,/\t)’vj(o;, At)] c {_ pl;(Ay) plj(At)y

and we have

P{|W;(a)| > u} <2 i <9 i
AT =TT () = TP A e () )

J

using the fact that pl;(A;) < 1. Together,

P{[Y(e)] > u} < P{[Wj(a)| > u/2} + P{|Z;(e)] > u/2} < dexp (WUQIAA) ’
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Let

Tj={a€F,:3JceA,c;=a}

be the set of symbols that show up in the j’th coordinates of A;. Then

75| < min{q, [A¢[} < L.

By the union bound, and letting v = u?,

(4.46) P {maXYj(a)2 > v} - P{maXYj(a)Q > v} < 4L exp (m) .

acly, a€cl;

Next, we show that if all of the Y;(«) are under control, then so are the pluralities

pl;(A;). For any four numbers A, B,C, D with A < B and C < D, we have
(4.47) |B— D| <max{|B—C|,|D— A|}.
Indeed, we have
B-D < (B-D)+(D-C)=B-C and D-B < (D-B)+(B—-A)=D-A.
The claim (4.47) follows. Now, for fixed j, let
o = argmax,er,v;(0, Ay) and B = argmax,cq,v;(0, At),

so that

At |vj(a, Apyr) < |At+1|vj(/B,At+1) and ’At+1|vj(57/\t) < |At+1|Uj(a,At).

By (4.47), we have

[ Al Plj(AtH) - plj(At)’ = |Aeralvi (8, Aerr) — vj(a, Ay)l
< [Appr[max {|vj(a, Ar) — vj(a, Apsa)], [vi(B, Ae) — v; (B, A1) [}

< j .
< max|[¥j(a)]
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Thus, the probability that | pl;(As11) — pL;(A)] is large is no more than the proba-

bility that max,er; |Y;(a)| is large, and we conclude from (4.46) that

2 , _ pl. 2 < v )
]P){|At+1| (l:)l‘7 (At) I)l‘7 (At-I—l)) > U} ~ 4L €Xp (2pl](At)|At|)

Integrating, we bound the expectation by

Bl PORL ) = o0 = [P fmcvia > o} ao

a€cT)

—v

§A+4L/ o (—)dv
4 P\ 2pL(A)[A]

—A
= A+ 4L - 2pli(Ay)[Ay] - exp (m)
J

for any A > 0. Choosing A = 2pl;(A;)|A¢| In(4L) gives

E[Ar1*(pLi(Ar) — PLi(Ai1))? < 2|Ay pL;(A) (In(4L) 4 1) .

Setting C’5 correctly proves the second item in Lemma 4.11, and the first follows from

Jensen’s inequality. O

The next lemma uses Lemma 4.11 to argue that a number of good things happen

all at once.

Lemma 4.12. There is some Ay 1 C Ay so that:

1.
1_77 t+1 1_77 1+77 1_'_77 +1
(52) o= () i<t < (2 ind< (B)
2.
c1|A¢|log(L) pl;(Ay)
Z Plj(AtJrl)S Z Pl (As) + Z JWE
j€lt 41 €li1 J€It 41 t+1
3.
1/2

\/01|At’ log(L)Qt
vy

> (pl(A1) — PL(A))? <

Je€ltta
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for some constant c;.

Proof. We show that (for an appropriate choice of ¢;), each of these items occurs
with probability at least 2/3, 3/4, and 3/4, respectively. Thus, all three occur with
probability at least 1/6, and in particular there is a set A;y; which satisfies all three.

First, we address Item 1. By a Chernoff bound (Theorem 2.15),

1
P{\mtm 1l

> u} < 2exp (—2u2/\/\t|) ,

By the inductive hypothesis (4.32),

1—n ¢
A > (—) L.
2

and so by our choice of t,,,, and the fact that ¢t < t,,.,, we have

(1.48) Al = 4/,
Thus,
A n|A
{‘|At+1|_| tl |2t|}<2_2<1/3

Again by the inductive hypothesis (4.32) applied to |A¢|, we conclude that

1_?7 t+1 1_77 1+77 1+77 +1
(T) L (S0 g < vl < (S < (H21)

For Item 2, we invoke Lemma 4.11 and linearity of expectation to obtain

E Z [ Al PLi(Ar) = PLi(Asi)| < Z \/05 log(L) pL;(A¢)| Ayl

JE€lt41 JE€lt41

By Markov’s inequality, as long as ¢; > 16C5, with probability at least 3/4,

Z |At+1|’plj<At) - plj(AtJrl)‘ < Z \/Cl log(L) Plj(At)‘At’a

jE€li11 j€li11
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and in the favorable case the triangle inequality implies

Z plj(At+1) < Z plj(At)+ Z |Plj(At)_ p1j<At+1)|

J€lt41 Jj€lt11 j€liq1
/e 1og(L) pL(Ag) A
<3 ey VO
Jj€lt11 jeliq1 t+1

Thus, Item 2 holds with probability at least 3/4.
Similarly, for Item 3, Lemma 4.11 and linearity of expectation (as well as Jensen’s

inequality) implies that
1/2

E Z \At+1|2(Plj(At+1) - Plj(At))Q

jEItJrl
1/2

< Z Cs|A¢|log(L) pl;(Ay)

j€liq1

1/2
< (Z Cs|A¢|log(L) plj(At)> since Iy C I

NN

< \/Cs|A| log(L)Q, by the inductive hypothesis (4.31) .

Again, Markov’s inequality and an appropriate restriction on ¢; implies that Item 3
occurs with probability strictly more than 3/4.

This concludes the proof of Lemma 4.12. O]

Finally, we show how Lemma 4.12 implies the conclusions of Lemma 4.10 for t+41,
notably (4.31), (4.32) and (4.33). First, we observe that (4.32) follows immediately
from Lemma 4.12, Item 1. Next we consider (4.31). The definition of I;;; and the
choice of 7, along with the fact from Lemma 4.12, Item 1 that [Ay] > (52) [Ad,

imply that for j € I,

Y

|A4] )2 c1log(L)

AL (A) >~y >
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and so
Vil log(L) pLy (A1)
(4.49) < npli(Ay).
A1
Thus,

Z pLi(A) < Z (1+1n) pLi(As) by Lemma 4.12, Item 2 and from (4.49)

J€li41 J€li41

<(1+mn) Z pL;(Ay) since I;11 C Iy, by (4.45)

Jel;

<(1+mn)Q by the inductive hypothesis (4.31) for ¢

=(1+ n)t“ Q by the definition of Q)

= Qt—l—l-

This establishes (4.31).

To establish the distance criterion (4.33), we use the triangle inequality to write

(4.50)  |Ipl;, (M) = ply,, (M) ll2 = [ Ly, (Ae) + Plyg,, (M) — Pl (M) 2
(4.51) <] p11t+1(At) - PlItH(AtJrl)H?

(452) + || plft\lt+1 (At)”Q

The first term (4.51) is bounded by Lemma 4.12, Item 3, by

\/Cl|At| IOg(L)Qt
|Ags1] '

I PLy,,, (M) — Py, (Aa)[l2 <

To bound (4.52), we will bound both the ¢, and ¢; norms of plzt\zm(At) and use
Holder’s inequality to control the f5 norm. By the inductive hypothesis (4.31) and

the fact (4.45) that 1,1 C I,

Pl ry (M)l < [P (Al < Qi
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Also, by the definition of I; 1,
g
|| plIt\It+1 (At>HOO S m
Together, Holder’s inequality implies that

7€
H p]-It\It+1 (At)”2 < \/H p]'It\It+1 (At)”l H pl[t\1t+1 (At)HOO = ‘le

This bounds the second term (4.52) of (4.50), and putting it all together we have

A¢| log(L
Pl (Ae) — ply,,, (Aga)]2 < \/Cl| | 1og(L)Q: + f}/Qt'
' [Apta] | A

Using the fact from Lemma 4.12, Ttem 1 that |A¢|/|Awi1] < 2/(1 —1n), as well as the

definition of «y in (4.44), we may bound the above expression by

2 ) 0110g(L)Qt
1—n |At‘

1
oL, (A) — Py, (Avsr)l < (1 ; —) (

Ui

This establishes (4.33), for an appropriate choice of Cy, and for sufficiently large L
(and hence sufficiently small 7).

Finally, we verify the condition (4.34) on the size |S;y1|. By (4.32), and the fact
that our choices of 7 and ¢, imply that (1 4+ n)" <e, |Ay] < eL/2". We saw earlier

that I;;1 depends only on Ay, so (using the fact that L < N/2), there are at most
el /2t
> (1) = (o
—\r ~ \eL/2

choices for I;,;. Similarly, we just chose Ayy; so that |Asq| < eL/2!1 so there are

elL/2t
r=1

at most > (N ) < ( N ) choices for A,y ;. Altogether, there are at most

r eL/2t+1
c N N
“\eL/2t) \eL/2t+1

choices for the pair (141, Avy1), for an appropriate constant Cg, and this establishes
(4.32).

This completes the proof of Lemma 4.10.
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4.8 Conclusion and future work

We have shown that “most” Reed-Solomon codes are list decodable beyond the
Johnson bound, answering an open question (Question 4.1) of [43,56,94,108]. More
precisely, we have shown that with high probability, a Reed-Solomon code with

random evaluation points of rate

* (sarori)
log(q) log®(1/¢)
is list decodable up to a 1 — ¢ fraction of errors with list size O(1/¢). This beats the
Johnson bound whenever £ < O (1/log(q)).

Our proof actually applies more generally to randomly punctured codes, and ex-
tends the results of Chapter 3 to large alphabets. This provides a positive answer (up
to polylogarithmic factors) to our second motivating question, Question 4.2, about
whether randomly punctured codes with good distance are optimally list-decodable.
As an added corollary, we have obtained improved bounds on the list decodability
of random linear codes over large alphabets. Our bounds are nearly optimal (up to
polylogarithmic factors), and are the best known whenever ¢ > log®(1/¢).

The most obvious open question that remains is to remove the polylogarithmic
factors from the rate bound. The factor of log(q) is especially troublesome: it bites
when g = 290/9) is very large, but this parameter regime can be reasonable for Reed-
Solomon codes. Removing this logarithmic factor seems as though it may require
a restructuring of the argument. A second question is to resolve the discrepancy
between our upper bound on list sizes and the bound associated with general random
codes of the same rate; there is a gap of a factor of £ in the parameter regime
1/e < q<1/e%

To avoid ending the chapter on the shortcomings of our argument, we mention
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a few hopeful directions for future work. Our argument applies to generally to
randomly punctured codes, and in fact to any code with independent symbols. We
will explore some generalizations in Chapter 5. Additionally, list decodable codes are
connected to many other pseudorandom objects; it would be extremely interesting
to explore the ramifications of our argument for random families of extractors or

expanders, for instance.
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CHAPTER 5

List decoding: more general applications

In Chapters 3 and 4, we built up a general machinery for proving list-decodability
results for randomly punctured codes. In fact, the arguments in those chapters are

even more general. In particular, the only things we used were:

e The coordinates of the random code C are independent, and

e The “expected average-radius-list-decodabiity” of C is good. In Chapter 3, we
controlled this by bounding E||®z||;, and in Chapter 4 we controlled this by

bounding the quantity &£.

There’s nothing special about puncturing codes with good (averaged) distance, and
one can imagine a whole host of operations that meet the above two criterion. In this
chapter, we develope a more general theory, which will form a new code C of length n
from an old code Cy of length ny by applying a randomized function f : Cy — C; the
only requirement will be that the coordinate functions fi, ..., f, of f are independent
and that f behaves decently in expectation.

This encompasses many operations; as examples, we'll consider the case where
fi(c) = {a;, c) for a suitable random vector a; € F" (random inner products); and
the case where fi(c) = (ijhcjg“’ . >Cj§i>) € F, for a random list of ¢ integers

G 50) € [no]t (random folding). Using these two operations, we’ll show:

128
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1. The existence of binary codes that are combinatorially list decodable from 1/2—&

fraction of errors with optimal rate Q(¢?) that can be encoded in linear time.

2. Show that any code with Q(1) relative distance when randomly folded (enough
times) lead to codes that can be list decoded from 1 — ¢ fraction of errors. This
formalizes the intuition for why the folding operation has been successful in

obtaining codes with optimal list decoding parameters.
5.1 Introduction

In this chapter we will work in the same regime as Chapters 3 and 4. Namely, we
are interested in list-decoding g-ary codes from a p = 1 — 1/q — ¢ fraction of errors,
for small € > 0. As we have seen in Chapter 2, the best rate one could hope for here
is

qe

R*(q,e):==1—H,(1—-1/q—¢) < min {5,M}.

For complexity applications it is often enough to design a code with rate Q(R*(q,¢))
with the same error correction capability. We will focus on this parameter regime in
the current paper.

Perhaps the ultimate goal of list decoding research in the parameter regime above

would be to solve the following:

Problem 5.1. Construct codes with rate QQ(R*(q,€)) that can correct 1 — 1/q — ¢

fraction of errors with linear time encoding and linear time decoding.

Even though much progress has been made in algorithmic list decoding, we are
far from answering Problem 5.1. In particular, if we are happy with polynomial

time encoding and decoding and large enough alphabet sizes, then the problem was

1One needs to be careful about the machine model when one wants to claim linear runtime. In this chapter we
consider the RAM model—for our purposes, it is fine to consider “linear time” to mean “a linear number of F,
operations,” and to assume that the alphabet size is small, say polynomial in 1/e.
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solved by Guruswami and Rudra [51] and subsequent works [23, 48, 62-64, 78]. If
we are happy with non-algorithmic results, then the work in Chapters 3 and 4 (or,
just plain old random codes) gives combinatorial list-decoding guarantees, over any
alphabet size.

This chapter generalizes the machinery of Chapters 3 and 4 to make some modest
progress on algorithmic questions, and to shed some new light on some of the recent

algorithmic developments in list decoding.

5.1.1 Linear time encoding with near optimal rate

We first consider the special case of Problem 5.1 that concentrates on the encoding

complexity for binary codes:

Question 5.2. Do there exist binary codes with rate Q(e?®) that can be encoded in

linear time and can be (combinatorially) list decoded from 1/2 — € fraction of errors?

We remark that once we ignore the decoding time, the question above is only
interesting when we talk about linear encoding time. Chapter 3 showed that random
binary linear codes of rate R*(q, ¢) are list-decodable from 1/2 — ¢ fraction of errors;
this immediately implies quadratic encoding time. In fact, near linear time encoding
with optimal rate also follows from known results: e.g. Guruswami and Rudra [53]
showed that folded Reed-Solomon code concatenated with random inner codes (with
at most logarithmic block length) achieve the optimal rate and fraction of correctable
errors tradeoff. This code is overall near linear time encodable since Reed-Solomon
(and hence folded Reed-Solomon) codes can be encoded in near linear time.

However, obtaining linear time encoding with optimal rate is still an open ques-
tion. For g-ary codes (for ¢ sufficiently large that depends only on ¢), Guruswami

and Indyk showed that one can get linear time encoding and decoding with near



131

optimal rate but for unique decoding [47]. For list decoding, they prove a similar
result for list decoding but the rate is exponentially small in 1/e [46]. This result
can be used with code concatenation to give a similar result for binary codes, but

also suffers from an exponentially small rate.?

5.1.2 Folded codes

The aforementioned result of Guruswami and Rudra [51] showed that if one ap-
plied the folding operation on Reed-Solomon codes, then the resulting codes (called
folded Reed-Solomon codes) can be list decoded in polynomial time with optimal
rate. The folding operation is illustrated in Figure 5.1: given a g-ary code Cy of
block length ny and a folding parameter ¢ (that divides ng) and a partition of [ng]
into ng/t sets of size ¢ positions in them, the new “folded” code C is the same as
Co except it is now a ¢'-ary code, where each set of ¢t symbols in each of the parti-
tioned sets is now a bigger symbol. For large enough ¢, and appropriate partitions,
this results in codes that can list decode from 1 — ¢ fraction of errors with opti-
mal rate [51,63,65] when one starts with Reed-Solomon or more generally certain
algebraic-geometric codes.

There is a natural intuition for the effectiveness of the folding operation [51,52].
Folding effectively reduces the number of error patterns that a decoder has to handle.
For example, consider the case when ¢ = 2. Consider an error pattern that corrupts
a 1 —2¢ fraction of the odd positions (the rest do not have errors). This error pattern
must be handled by any decoder which can list decode from 1/2—¢ fraction of errors.
On the other hand, consider a 2-folding (with partition as above) of the code; now
the alphabet size has increased, so we hope to correct 1—1/2% —¢ = 3/4—¢ fraction of

errors. However, the earlier error pattern affects a 1 — 2¢ of the new, folded symbols.

2We thank Venkat Guruswami for pointing out this fact.
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o] € Fq —
(%) GFq — t e*ﬂ:(al,ag,ag) GFZ’:th

a3 € Fq —

ceCy fle)yec

Figure 5.1: The folding operation. f(c) is a folded version of ¢ € Cy. The folded code C € ]FZf'/t the
image f(CQ) of Cy € ]Fgo.

Thus, in the folded scenario, an optimal decoder need not handle this error pattern,
since 1 — 2¢ > 3/4 — ¢ (for small enough ¢).

In some sense, this intuition is the reason that random codes over large alphabets
can tolerate more error than random codes over small alphabets: because the smallest
“corruptable unit” is larger when the alphabet is larger, there are fewer error patterns
to worry about. Indeed, an inspection of the proof that random codes obtain optimal
list-decoding parameters shows that this is the crucial difference. Since a random
code over a large alphabet is in fact a folding of a random code over a small alphabet,
the story we told above is at work here.

Despite this nice-sounding intuition—which doesn’t use anything specific about
the code—the arguments for folding of specific codes crucially exploit algebraic prop-
erties of the unfolded codes. It is natural to wonder if the intuition above can be

made rigorous. In particular,

Question 5.3. Given any code with distance (1) and rate O(e) does there exist a
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folding (for sufficiently large but constant folding parameter m) such that the resulting

code can be (combinatorially) list decoded from 1 — e fraction of errors?

We note that we do need an (1) lower bound on the distance of the original code
as otherwise it is easy to come up with codes where the answer to the above question
is no. The bound of O(e) on the rate of the original code is also needed, as folding
preserves the rate and the list-decoding capacity theorem implies that any code that

can be list decoded from 1 — ¢ fraction of errors must have rate O(e).

5.1.3 Contributions of Chapter 5

We generalize the framework of Chapters 3 and 4 to address Problem 5.1. Specif-
ically, we answer both Questions 5.2 and 5.3. This yields modest progress in both
linear-time algorithms (in the case of 5.2) and in understanding why (from a philo-
sophical point of view) existing algorithmic techniques work.

Another contribution is the generalization itself. From a technical point of view,
this chapter does not contain much mathematics beyond what has been presented
in earlier chapters, but it is our hope that the approach of the previous chapters can

be applied fruitfully to answer many more algorithmic questions in list decoding.?

5.1.4 Chapter organization

In Section 5.2, we will introduce a general framework for the results of the previous
two chapters. In Section 5.3, we’ll address Question 5.2, and give a family of linear-
time encodable binary codes. In Section 5.4, we’ll address Question 5.3, and prove
that randomly folded codes are optimally list-decodably with high probability. This
provides some rigor behind the intuition generally invoked for algorithmic folding

results.

3...and beyond!
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5.2 Setup, and still more definitions

In this chapter, we will intrepret the results of Chapters 3 and 4 as the following

intuition:

If you take a code with alphabet ¥ which is list-decodable (enough) up to
po =1 —1/|%¢| — €, and do some random (enough) stuff to the symbols,
you will obtain a new code (possibly over a different alphabet ) which is

list-decodable up to p =1 — 1/|%| — O(e).

In order to make this intuition precise, we will recall (and set up) a bit of notation.
So far in this dissertation, we have only ever dealt with linear codes, and so it has
been convenient to take the alphabet to always be a finite field. We will deviate from
this notation slightly, to emphasize that the generalizations in this chapter do not
require linearity. Thus, we will consider codes C C %" of length n over the alphabet

Y. As usual, the rate of C is defined to be

1 C
R.— 0g\2|(’ )

n

For x,y € 3", §(z,y) is the relative Hamming distance, and agr(z,y) := n(1—0(z,y))
denotes the agreement between x and y. For z € F", nnz(x) will denote the number
of nonzero entries in .

As in previous chapters, we study the average-radius list-decodability of C:

Definition 5.4. A code C C X" is (p, L)-average-radius list-decodable if for all sets
A C C with |A| = L,

maxz agr(c, z) < nLp.

ceN

As we have seen, average-radius list-decodability implies the standard notion of

list-decodability (Definition 2.3).
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In the following, we will always start with some code Cy € ¥° and a distribution
D on functions f : Cy — X". We will draw a function f from D, and define C C X"
to be the image of f. Thus, C will be a random code, with |C| = |Co].

Now we are ready to make the intuition about precise: we need to define “random
enough” and “list-decodable enough.” We will make the phrase “random enough”

precise in the following definition.

Definition 5.5. Let D be a distribution on functions f : Co — X", as above; write
such an f as f(x) = (fi(x),..., fu(z)). We say that D has independent symbols if

the f; are independent fori=1,... n.

For example, we may take f;(c) to be a random symbol from the codeword ¢ € Cy,
chosen independently for each j; this results (up to some abuse of notation about
sampling with replacement) in a randomly punctured code. Or, if 3 is a finite field
IF, we could take f;(c) = (aj,c) for a independent random vectors a; € F".

Now, we will quantify what it means to be “list-decodable enough.” We introduce

a parameter £ = £(Cy, D), defined as follows:

(5.1) E(Cy, D) := max ]EprmaXZagr(f(c),z).

ACCo,|A|=L zEXN™

The quantity &£, which is the same as £ from Chapter 4, captures how list-decodable

C is in expectation. Indeed, max, > agr(f(c), z) is the quantity controlled by

¢ inCo
average-radius list-decodability (Definition 5.4). To make a statement about the
actual average-radius list-decodability of C (as opposed to in expectation), we will
need to understand £ when the expectation and the maximum are reversed:

Ef.p max max » agr(f(c),z).

ACCo,|A|=L zexn
ceCo

In this notation, we can combine Theorems 3.2 and 4.6 in the following statement:
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Theorem 5.6. [Follows from Theorems 3.2 and 4.6] Let Coy,D and C be as above,

and suppose that D has independent symbols. Fiz e > 0. Then

E;max max Zagr(f(c),z)gé'—i—Y—i—vgY,
ceA

2" ACCo,|A|=L

where
Y = CLlog(N)log®(L)

for an absolute constant C'. For |¥| = 2, we have

Efmax max Zagr(f(c),z) <&+ CLy/nIn(N).
ceA

z€E" ACCo,|Al=L

Theorem 5.6 makes the intuition above more precise: Any “random enough”
operation (that is, an operation with independent symbols) of a code with good
“average-radius list-decodability” (that is, good €(Cy, D)) will result in a code which
is also list-decodable.

In this work, we answer Questions 5.2 and 5.3 by coming up with useful distri-
butions D on functions f and computing the parameter £. To control £, we will
make use of some average-radius Johnson bounds that we’ve already encountered:
Theorems 2.8, 4.3, and 4.4. For the reader’s convenience, we restate these bounds

here.

Theorem 5.7 (Average-radius Johnson bounds). Let C : Fi — FI' be any code.

Then for all A C IF’; of size L and for all z € Fy:

e Ifqg=2,

> agr(Cla), ) < o L+\/L2—2 S d(c(x),Cly)
zeA TFYEA

e Foralle € (0,1),
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N | —

D agr(C(z),2) <

TEA

nt \/n2+4n2L(L—1)—4n2 > d(C(z).Cw))

TAYEN

5.3 Efficiently encodable list-decodable codes from expander graphs

In this section, we answer Question 5.2, and give linear-time encodable binary

codes with the optimal trade-off between rate and list-decoding radius.

Theorem 5.8. There is a randomized construction of binary codes C € F} so that
the following hold with probability 1 — o(1), for any sufficiently small € and any

sufficiently large n.
1. C is encodable in time O(nln(1/e)).

2. C is (p, L)-average-radius list-decodable with p = (1 — Ce) and L = e™2, where

C is an absolute constant.

3. C has rate Q(g%).

The rest of this section is devoted to the proof of Theorem 5.8. Our codes will
work as follows. We begin with a linear-time encodable code with constant rate and
constant distance; we will use Spielman’s variant on expander codes [100, Theorem
19]. These codes have rate 1/4, and distance dy > 0 (a small positive constant). In
this case, a random puncturing of Cy (as in the previous chapters) will not work, as
Co does not have good enough distance. Instead, we will use a different operation,
which can be viewed as a generalization of puncturing: we will take random inner

products with vectors of weight ¢.



138

Definition 5.9 (Random ¢-wise XOR). Let Cy € F3°. Choose t < ngy. For v € Fy°
with nnz(v) = t, define f, : F3° — Fy by f,(c) = (v,c). Define a distribution D;,(t)
on functions [ : Co — F% by choosing vy, ..., v, independently, uniformly at random
with replacement from {v € F3° : nnz(v) =t}, and setting f = (furs foss---s fon)-

We call this distribution random t-wise inner product.

We will choose C to be the ensemble of codes arising from Cy and D;,(t) for ¢t =
41In(1/)d, . We first verify Item 1 of Theorem 5.8, that C is linear-time encodable.
Indeed, we have

C(x) = ACy(x),

where A € F3*™ is a matrix whose rows are the vectors v;, which have nnz(v;) < t.
In particular, the time to multiply by A is nt = O(nlIn(1/¢)), as claimed.
To verify Item 2 about the list-decodability, we begin by computing the quantity

E(Co, Dyy(1)).

Lemma 5.10. Let Cy € F5° be a code with distance oy, and suppose t > —41“§;/5)_

Then

E(Co, Dip(t)) < g (L(l +e)+ \/Z> .

Proof. We will use the average-radius Johnson bound, Theorem 5.7, Item 1. Thus,

we start by computing the expected distance between two symbols of the code C € 4
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obtained from Cy and D;,(t). Let ¢, ¢ denote two distinct codewords in Cy. Then

E6(f(c) Zp{fl 7 fild)}
=P {{a;,c) # {a;, )}
= 11[” {(¢ = )suppa; # 0}
(1—(1-&)")
(1 N eféot/Q) )

In particular, if t = 4n( 1/8) , then this is —(1 —¢?). Then Theorem 5.7 implies that

E(Co, Dyp(t)) = max EfNsz(t) max Z agr(f(c), z)

2 ceA

ST \/L2—2 S 6(f(@). (@)

A z€FY
c#ceN

<mpx? L4 \/y—z S Ef(f(e). £(¢))

c#c'eN

n
<3 L+\/L2—2 Z (1—e?)

c#c! EA

(L + /L% + L(1 — 52))

(L(l +e) +\/Z> .

<

o3 o3

Thus, Theorem 5.6 implies that with constant probability,

max max Zagr ¢, 2) + C+/nlIn(N)

z€FY ACC,|A|=L L

NIM

MIS

<1+5+—) +CvnlnN.

In particular, if Cv/nln N < en, then in the favorable case C is (p, L — 1)-average-

radius list-decodable, for L = ¢72 and p = 1/2(1 — C’e) for some constant C".
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It remains to verify Item 3, about the rate R of C. Notice that if |C| = N, then

we are done, because then the requirement C'y/nIn(N) < en reads

_ log,(N) < g2

R n  ~ Cln(2)

Thus, to complete the proof we will argue that f is injective with high probability, and
so in the favorable case |C| = N. Fix ¢ # ¢ € Cy. Then, by the same computations

as above,

B(s0 =1 = (30+0-a0) < (7).

Using the fact that we will choose n > C'In(N)/e?, the right hand side is

Cln(N)/e?
(1252) _ n(e)ers < N3

for sufficiently small €. Thus, by the union bound on the (];7) < N? choices for the
pairs of distinct codewords (c, '), we see that P{|C| < N} < 1/N, which is o(1) as

desired. This completes the proof of Theorem 5.8.

Remark 10 (Random inner products for ¢ > 2). For this application, ¢ = 2 is the
interesting case. However, the argument above works just fine for ¢ > 2. In this
case, we define f,(c) = (v,c) for v uniform in {v € Fp° : nnz(a) =t}, and define
D;,(t) as before. We may use the first statement of Theorem 5.6, and statements 2

or 3 of Theorem 5.7 for the average-radius Johnson bound.

5.4 Random folding

In this section, we answer Question 5.3, and show that every code with good
distance has a folding which is optimally list-decodable. We must first define the

“random folding” operation.
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Definition 5.11 (Random t-wise folding). Let Cy € ¥3°. Choose t < ng, and let
Y =Xt ForS C [no) with |S| =t, define fs : 30° — X™ by fs(c) = (¢i)ies. Define a
distribution Dya(t) on functions f : Co — X" by choosing Sy, . .., S, independently,
uniformly at random with replacement from {S C [no)] : |S| =t}, and setting f =

(fsys fsgs---s fs,). We call this distribution random t-wise folding.

Remark 11 (Definition 5.11 vs. standard folding). The definition above is slightly
different from a uniformly random t-wise folding, which would correspond to a ran-
dom partition of [ng] into n pieces of size t. Because the elements for each of the
symbols are chosen with replacement, it’s possible that the new symbols “overlap”
slightly, and that other symbols from the original code are not represented at all in
Co. However, sampling with replacement makes the computations significantly sim-
pler. Since the goal of this section is to provide some rigor behind the intuition

discussed around Question 5.3, we will go with the simpler case.

Theorem 5.12 below analyzes folding in two parameter regimes. In the first param-
eter regime, we address Question 5.3, and we consider ¢-wise folding where ng = nt.
In this case, the folded code C will have the same rate as the original code Cy, and
so in order for C to be list-decodable up to radius 1 — ¢, the rate Ry of Cy must be
O(e). Item 1 shows that if this necessary condition is met (with some logarithmic
slack), then C is indeed list-decodable up to 1 — e. In the second parameter regime,
we consider what can happen when the rate Ry of Cy is significantly larger. In this
case, we cannot hope to take n as small as ng/t and hope for list-decodability up to
1 —e. The second part of Theorem 5.12 shows that we may take n nearly as small

as the list-decoding capacity theorem allows.

Theorem 5.12. There are constants C;, i = 0,...,5, so that the following holds.
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Suppose q > 1/e2. Let Cy C [0 be a code with distance 69 > Cy > 0.

1. Suppose t > Cylog(1/e) > 41n(1/e)/dy. Suppose that Cy has rate

015
Ry < .
"~ log(q)tlog®(1/e)

Let C C Fy be a random t-wise folding of Cy of length n = ngy/t. Then with high
probability, C is (1 —Cse, 1/¢)-average-radius list-decodable, and further the rate

R of C satisfies R = Ry.
2. Suppose that t > 41n(1/e)/dy, and suppose that Cy has rate Ry so that
e (2) (522
no/ \ log(q)

Let C be a random t-wise folding of Cy of length

> lo8(N) log(1/)
3

Then with high probability, C is (1 — Cye, 1/¢)-average-radius list-decodable, and

the rate R of C is at least

056
R> .
tlog(q)log®(1/)

The rest of this section is devoted to the proof of Theorem 5.12. As before, it
suffices to control £(Cy, Dyoa(t)), which we do via the average-radius Johnson bound
(Theorem 5.7). Because we are interested in the parameter regime where ¢ > 1/,

we use the third statement in Theorem 5.7.
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Suppose t > 41In(1/e)/dy and set L = 1/e. For ¢ # ¢ € Cy, we compute

E a0 (£ (€) ZP{JZ ) # fi(c)}

=P{3jeS :¢#d}
=1—(1-4d)

§1_527

using the choice of ¢ in the final line. Thus, by Theorem 5.7, Item 3,

ZGF"

E(Co, Dyoia(t)) = I/PaXEfNDf alt maXZagr

ceEA
1
- 2 2 2
S WA B pao Max 5 | 7+ \/” +4AntL(L—1) = 4n? ) | o(f
c#c'eN
:maX1 n+ [n?+4n2L(L — 4n? Z Ed ()
ACCo 2 d
c#c'eN
1
<3 n+\/n2—|—4n2L(L—1)—4n2 > (1-¢2)
cEcEN
n
=2 <1+\/1+4L L—1)52>
< Cn,

using the choice of L and defining C' = (1 ++/5)/2. Then, by Theorem 5.6, recalling

that
Y = CLlog(N)log’(L),

and N = |Cy|, we have with high probability that

E ) < D Y D Y
i, w3 oer(f(6),2) < ECo Draal) + +/(Co, Dgaalt)

< O (Llog(N)log’(L) +n) .
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In the favorable case,
(5.2)

1
Efmax max —
z€XM ACC,|A|=L L

Zagr(c, z) < O (log(N)log”(L) + n/L) = O (log(N)log’(1/e) + ne) .

As before, C is (1 — Ce, L — 1) average-radius list-decodable, for some constant C,

as long as the right hand side is no more than O(ne). This holds as long as
(5.3) log(N)log®(1/¢) < ne.

Equation (5.3) holds for any choice of n. First, we prove item 1 and we focus on
the case that ny = nt; this mimics the parameter regime the standard definition of
folding. Given ny = nt, we can translate (5.3) into a condition on Ry, the rate of Cy.

We have

_ log,(N) _ log,(N)
N ng N nt

Ry

and so translating (5.3) into a requirement on R(Cp), we see that as long as

RO 5 - 5 5 2 6 )
log(q)tlog(1/e) ™ log(q)log”(1/e)

then with high probability C is (1 — Ce, L)-list-decodable. Choose n so that this

holds.

It remains to verify that the rate R of C is the same as the rate Ry of Cy. For
standard folding, it is immediate that the rate of the code does not change. With
our slightly randomized tweak on it (Definition 5.11), this requires some argument:

it might be the case that [C| < N, in which case the rate would decrease.

Claim 5.13. With Cy as above and with ny = nt, |C| = N with probability at least

1—o0(1).
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Proof. The only way that |C| < N is if two codewords ¢ # ¢’ € Cy collide, that is, if

f(c) = f(c). This is unlikely: we have

P{f(c) = f(c)} = (1 - )" <.

By a union bound over (];[ ) < N? pairs ¢ # ¢, we conclude that the probability that

|IC| < N is at most
(5.4) P{|C| < N} < N?&*™.

If nt = ng, we have

2ng

P{IC] < N} < e = (gc)

In particular, when ¢fo < 1/e, this is o(1). By our assumption, Ry < €, and so this

is always true for sufficiently small . m

By a union bound, with high probability both the favorable event (5.2) occurs,
and Claim 5.13 holds. In this case, C is (1 — Ce, L)-list-decodable, and the rate R of
Cis

R = Ry.

Next, we consider a general case, where we may choose n < ng/t, thus increasing
the rate. It remains true that as long as (5.3) holds, then C is (1 — Ce, L)-list-
decodable. Again translating the condition (5.3) into a condition on log,(N)/n, we

see that as long as

lqut (N) < I

(5.5) n = tlog(q)log’(1/e)’

then C is (1 — Ce, L)-list-decodable. Now we must verify that the left-hand-side of

(5.5) is indeed the rate R of C, that is, that |C| = N.
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Claim 5.14. With Cy as above and with n arbitrary, |C| = N with probability at least

1—o(1).
Proof. As in (5.4), we have

P{|C| < N} < N%&*™,
We may bound the right-hand-side by

N22nt (qROno/ngt>2"7
and for this to be o(1), it is sufficient for

e (3) (325).
no log(q)

which was our assumption for part 2 of the theorem. n

Now, recalling our choice of n in (5.5), with high probability both (5.2) occurs
and Claim 5.14 holds. In the favorable case, C is (1 — Ce, L)-list-decodable, as long

as the rate R satisfies

_ log«(|C]) _ log,«(N) < Ce

R " n  tlog’(1/e)log(q)

This completes the proof of Theorem 5.12.

5.5 Conclusion

We generalized the results of Chapters 3 and 4 to a large class of random opera-
tions, beyond just random puncturing. The purpose of these generalizations (beyond
generalization for generalization’s sake) was to begin to bridge the gap between the
combinatorial statements of the preceding chapters and the algorithmic statements

that dominate the list decoding literature. First, we used our new framework to
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obtain families of linear-time-encodable binary codes. Second, we used our frame-
work to provide some insight to a successful algorithmic technique, namely, folding.
Informal combinatorial arguments are often invoked as an intuition for folding, but
making these rigorous has proved challenging. We made this combinatorial intuition
more precise, and showed that a random folding of any code with nontrivial distance

and appropriate rate is nearly optimally list-decodable with high probability.
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CHAPTER 6

Local decoding: expander codes

In this chapter, we switch gears from list decoding to local decoding. We discussed
locally decodable codes in Chapter 2. The idea is that Bob must work extremely
quickly—so quickly that he doesn’t have time to look at the entire codeword. We
will focus on ezpander codes, which we introduced in Chapter 2.

We will present a local-decoding (actually, local-correcting) algorithm for ex-
pander codes. Our codes will have rate approaching 1. Bob will make n® queries
(where n is the block length of the code) for an arbitrarily small constant e, and
he’ll be able to handle a constant fraction of errors. In addition to providing new lo-
cally correctible codes in this regime (joining two existing constructions, multiplicity
codes [79] and lifted codes [41]), this gives a sublinear-time decoding algorithm for
expander codes.

Our techniques are rather different than they have been in previous chapters.
Before, we had to take a union bound over several (related) events that were not suf-
ficiently unlikely. Now, we will still have to take a union bound over not-improbable-
enough events, but no amount of clever union-bounding will save us. Instead, we

will see how to deal with the situation algorithmically.

148
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6.1 Introduction

Expander codes, introduced in [98], are linear codes which are notable for their
efficient decoding algorithms. In this paper, we show that when appropriately in-
stantiated, expander codes are also locally decodable, and we give a sublinear time
local-decoding algorithm.

We introduced locally decodable codes in Chapter 2. As in the standard model of
coding theory, Alice encodes a message x € IF’; as a codeword ¢ € Fy, and transmits
it to Bob across a (malicious) noisy channel. Bob’s goal is to recover z from the
corrupted codeword w. Decoding algorithms typically process all of w and in turn
recover all of z. The goal of local decoding is to recover only a single symbol of x, with
the benefit of querying only a few bits of w. The number of symbols of w needed to
recover a single bit x is known as the query complexity, and we will denote this by Q.
The important trade-off in local decoding is between query complexity and the rate
R = k/n of the code. When @ is constant or even logarithmic in k, the best known
codes have rates which tend to zero as n grows. The first locally decodable codes
to achieve sublinear locality and rate approaching one were the multiplicity codes
of Kopparty, Saraf and Yekhanin [79]. Prior to this work, only two constructions
of locally decodable codes were known with sublinear locality and rate approaching
one [41,79]. In this paper, we show that expander codes provide a third construction

of efficiently locally decodable codes with rate approaching one.

6.1.1 Notation and preliminaries
Before we state our main results, we set notation and give a few definitions. We

will construct linear codes C of length n and message length k, over a finite field

F = IF, That is, C C F" is a linear subspace of dimension k. As usual, the rate
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of C is the ratio R = k/n. We will also use expander graphs; we will give a brief
introduction to expanders in Section 6.2. For n € Z, [n] denotes the set {1,2,...,n}.
For z,y € FV, §(x,y) denotes relative Hamming distance. In contrast with previous
chapters, we will use z[i], rather than z;, to denote the i"* symbol of z. The reason for
the switch is that this chapter will be somewhat more subscript-heavy than previous
ones. For x € F" and S C [n], we will use x| to denote x restricted to symbols
indexed by S.

We recall Definitions 2.9 and 2.10 of locally decodable and locally correctable
codes. A code (along with an encoding algorithm) is locally decodable if there is an
algorithm which can recover a symbol z[i] of the message, making only a few queries

to the received word.

Definition 6.1 (Locally Decodable Codes (LDCs)). Let C C F™ be a code of size
|F|*, and let E : F* — F™ be an encoding map. Then (C, E) is (Q, p)-locally decodable

with error probability n if there is a randomized algorithm A, so that for any w € F°

with A(w, E(z)) < p, for each i € [k],

P{A(w,i) = z[i]} = 1 —n,
and further A accesses at most () symbols of w. Here, the probability is taken over
the internal randomness of the decoding algorithm R.

In this work, we will actually construct locally correctable codes, which we will see

below imply locally decodable codes.

Definition 6.2 (Locally Correctable Codes (LCCs)). Let C C F" be a code, and let
E : F¥ — F" be an encoding map. Then C is (Q, p)-locally correctable with error

probability n if there is a randomized algorithm, A, so that for any w € F" with
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A(w, E(z)) < p, for each j € [n],

P{A(w,j) = wlj]} = 1 -,

and further A accesses at most () symbols of w. Here, the probability is taken over

the internal randomness of the decoding algorithm A.

The difference between locally correctable codes and locally decodable codes is
that locally correctable codes can recover symbols of the codeword while locally
decodable codes recover symbols of the message.

When there is a constant p > 0 and a failure probability n = o(1) so that C is
(@, p)-locally correctable with error probability 7, we will simply say that C is locally
correctable with query complexity @ (and similarly for locally decodable).

When C is a linear code, writing the generator matrix in systematic form gives
an encoding function £ : F*¥ — F" so that for every x € F* and for all i € [k],
E(z)[i] = «[i]. In particular, if C is a (@, p) linear LCC, then (E,C) is a (Q, p) LDC.
Because of this connection, we will focus our attention on creating locally correctable
linear codes.

Many LCCs work on the following principle: suppose, for each i € [N], there
is a set of () query positions S(i), which are smooth—that is, each query is almost
uniformly distributed within the codeword—and a method to determine c[i] from
{c[j] : j € S(i)} for any uncorrupted codeword ¢ € C. If ) is constant, this smooth
local reconstruction algorithm yields a local correction algorithm: with high proba-
bility none of the locations queried are corrupted. In particular, by a union bound,
the smooth local reconstruction algorithm is a local correction algorithm that fails
with probability at most p - Q). This argument is effective when @ = O(1); however,

when ) is merely sublinear in n, as is the case for us, this reasoning fails. This
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paper demonstrates how to turn codes which only possess a local reconstruction pro-
cedure (in the noiseless setting) into LCCs with constant rate and sublinear query

complexity.

Definition 6.3 (Smooth reconstruction). For a code C C F", consider a pair of
algorithms (S, A), where S is a randomized query algorithm with inputs in [n] and
outputs in 2", and A : F9 x [n] — F is a deterministic reconstruction algorithm. We

say that (S, A) is a s-smooth local reconstruction algorithm with query complexity

Q if the following hold.
1. For each i € [n], the query set S(i) has |S(i)] < Q.

2. For each i € [n], there is some set B C [N] of size s, so that each query in S(i)

is uniformly distributed in B.

5. For all i € [n] and for all codewords ¢ € C, A(clg i) = cli].

If s = n, then we say the reconstruction is perfectly smooth, since all symbols
are equally likely to be queried. Notice that the queries need not be independent.
The codes we consider in this work decode a symbol indexed by z € F™ by querying

random subspaces through z (but not z itself), and thus will have s =n — 1.

6.1.2 Related work

The first local-decoding procedure for an error-correcting code was the majority-
logic decoder for Reed-Muller codes proposed by Reed [89]. Local-decoding proce-
dures have found many applications in theoretical computer science including proof-
checking [5,82,88], self-testing [16,33,34] and fault-tolerant circuits [99]. While these
applications implicitly used local-decoding procedures, the first explicit definition of

locally decodable codes did not appear until later [75]. For an excellent survey of
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locally decodable codes, we refer the reader to [114]. The study of locally decodable
codes focuses on the trade-off between rate (the ratio of message length to codeword
length) and query complexity (the number of queries made by the decoder). Re-
search in this area is separated into two distinct areas: the first seeks to minimize
the query complexity, while the second seeks to maximize the rate. In the low-query-
complexity regime, Yekhanin was the first to exhibit codes with a constant number of
queries and a subexponential rate [113]. Following Yekhanin’s work, there has been
significant progress in constructing locally decodable codes with constant query-
complexity [10,11,18,22,25,26,71,113]. On the other hand, in the high-rate regime,
there has been less progress. In 2011, Kopparty, Saraf and Yekhanin introduced
multiplicity codes, the first codes with a sublinear local-decoding algorithm [79] and
rate approaching one. Like Reed-Muller codes, multiplicity codes treat the message
as a multivariate polynomial, and create codewords by evaluating the polynomial at
a sequence of points. Multiplicity codes are able to improve on the performance of
Reed-Muller codes by also including evaluations of the partial derivatives of the mes-
sage polynomial in the codeword. A separate line of work has developed high-rate
locally decodable codes by “lifting” shorter codes [41]. The work of Guo, Kopparty
and Sudan takes a short code Cy of length |F|*, and lifts it to a longer code C, of
length |F|™ for m > t over F, such that every restriction of a codeword in C to
an affine subspace of dimension t yields a codeword in Cy. The definition provides
a natural local-correcting procedure for the outer code: to decode a symbol of the
outer code, pick a random affine subspace of dimension t that contains the symbol,
read the coordinates and decode the resulting codeword using the code Cy. Guo,
Kopparty and Sudan show how to lift explicit inner codes so that the outer code has

constant rate and query complexity n®.
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In this work, we show that expander codes can also give locally decodable codes
with rate approaching one, and with query complexity n®. Expander codes, intro-
duced by Sipser and Spielman [98], are formed by choosing a d-regular expander
graph, G on n vertices, and a code Cy of length d (called the inner code), and defin-
ing the codeword to be all assignments of symbols to the edges of G so that for
every vertex in G, its edges form a codeword in Cy. We discussed this construction
(for general graphs) in Chapter 2. The connection between error-correcting codes
and graphs was first noticed by Gallager [32] who showed that a random bipartite
graph induces a good error-correcting code. Gallager’s construction was refined by
Tanner [105], who suggested the use of an inner code. Sipser and Spielman [98] were
the first to consider this type of code with an expander graph (which we will formally
define in Section 6.2 below). Spielman [100] showed that these ezpander codes could
be encoded and decoded in linear time. Spielman’s work provided the first family
of error-correcting codes with linear-time encoding and decoding procedures. The

decoding procedure has since been improved by Barg and Zemor [7-9,115].

6.1.3 Contributions of Chapter 6

We show that certain expander codes can be efficiently locally decoded, and we
instantiate our results to obtain novel families of (n®, p)-LCCs of rate 1 — «, for any
positive constants «, € and some positive constant p. Our decoding algorithm runs in
time linear in the number of queries, and hence sublinear in the length of the message.
We provide a general method for turning codes with smooth local reconstruction
algorithms into LCCs: our main result, Theorem 6.13, states that as long as the
inner code Cy has rate at least 1/2 and possesses a smooth local reconstruction
algorithm, then the corresponding family of expander codes are constant rate LCCs.

In Section 6.4, we give some examples of appropriate inner codes, leading to the
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parameters claimed above.

In addition to providing a sublinear time local decoding algorithm for an impor-
tant family of codes, our constructions are only the third known example of LDCs
with rate approaching one, after multiplicity codes [79] and lifted Reed-Solomon
codes [41]. Our approach (and the resulting codes) are very different from earlier
approaches. Both multiplicity codes and lifted Reed-Solomon codes use the same
basic principle, also at work in Reed-Muller codes: in these schemes, for any two
codewords c¢; and ¢y which differ at index i, the corresponding queries c| () and
| S(0) differ in many places. Thus, if the queries are smooth, with high probability
they will not have too many errors, and the correct symbol can be recovered. In
contrast, our decoder works differently: while our queries are smooth, they will not
have this distance property. In fact, changing a mere log(Q)) out of our @) queries
may change the correct answer. The trick is that these problematic error patterns
must have a lot of structure, and we will show that they are unlikely to occur.

Finally, our results port a typical argument from the low-query regime to the
high-rate regime. As mentioned above, when the query complexity () is constant, a
smooth local reconstruction algorithm is sufficient for local correctability. However,
this reasoning fails when ) grows with n. In this paper, we show how to make
this argument go through: via Theorem 6.13, any family of codes Cy with good rate
and a smooth local decoder can be used to obtain a family of LCCs with similar

parameters.
6.1.4 Chapter organization
Before getting into our local correction algorithm, we state some basic results

about expander graphs. In particular, we will need a slightly nonstandard Chernoff

bound for expander graphs, which we will prove in Section 6.2. Next, in Section 6.3,
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we will give our local correction algorithm and prove that it works, provided that
the inner code Cy satisfies a few locality conditions. At this point, the reader will
likely be asking themselves if these inner codes exist, and if so, whether or not they
produce interesting results. In Section 6.4, we will give two examples of inner codes,

which will produce a locally correctable outer code with the advertised parameters.

6.2 Overview of expander graphs

In this section, we give a brief overview of expander graphs and codes arising from
them. We saw in Chapter 2 how to make a code C € [y out of an inner code Cy C IF;’
and a d-regular bipartite graph G on 2N vertices. Briefly, the block length n of C
will be |E(G)| = Nd, and we will identify elements of F}y with labelings of the edges
of G. A labeling is in C if at every vertex of G, the edges leaving that vertex (in
some prescribed order) form a codeword in Cj.

In this chapter, we will consider the case when the underlying graph arises from
an expander graph. A complete exposition of expander graphs is beyond the scope of
this thesis: the reader is referred to [69] for an excellent survey. In the meantime, we
will briefly recap the basic notions that we will need. Let G = (V| E) be a d-regular
graph on N vertices. (Not necessarily bipartite). Let A be the normalized adjacency

matriz of G; that is, A € {0,1/d}"*" and

(1,7) € E

Ul

Aij =
0 (1,j)¢E
Consider the spectrum of A. It is not hard to see that the largest eigenvalue of A
is 1, and that the corresponding eigenvector is the all-ones vector 1 € RN, If G is

connected, it turns out that the second-largest eigenvalue is strictly less than 1.
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Definition 6.4. Let G be a connected d-reqular graph with normalized adjacency
matriz A. The second-largest eigenvalue of A is called the expansion parameter of

G, and is denoted A = \(G).

We will see a few reasons for the name “expansion parameter” later; it turns out
that the smaller A is, the more “connected” G is. If A is smallish, we say that G is an
expander graph. If X is basically as small as it can be, we say that G is a Ramanugjan
graph:

Definition 6.5. A d-regular graph G = (V, E) is a Ramanujan graph if A\(G) <

2v/d—1
-

It is known that this is basically the smallest A(G) can be; more precisely, \(G) >
2%‘/? —o(1). Not surprisingly (given what we’ve seen so far in this thesis), a random
d-regular graph is Ramanujan with high probability. Much more surprisingly, there
exist explicit constructions of Ramanujan graphs [83,85,86] for arbitrarily large values
of d. We will use the existence (and explicitness) of these constructions as a black

box.

To get a suitable bipartite graph H out of G, we will take the double cover of G.

Definition 6.6. Let G be any graph on N vertices. The double cover H of G is a
bipartite graph on 2N wvertices, as follows. The vertices V(H) of H are two disjoint
copies Vo and Vi of V(G). For each edge (u,v) € E(G), there are two edges (ug, v1)

and (v, uy) in E(H), where u; is the copy of u in V;.

The notation for double covers is illustrated in Figure 6.1.
We return to the expansion parameter A\. What does A tell us about a graph
G, or its double-cover H? Generally, as it turns out, the smaller A is, the more

like the complete graph (or the complete bipartite graph) G (or H) behaves. More
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Uo U
Vo U1

Figure 6.1: A graph G and its double-cover H.

specifically, suppose that a subset of B of vertices are “bad,” and consider a random
walk on GG. Let X be the number of bad vertices that this walk hits. If G is a
complete graph, then each step of the random walk is an independent, uniformly
random vertex, and the number of bad vertices is controlled by a Chernoff bound
(Theorem 2.15). We would like to mimic this behavior when G is degree d, rather
than N — 1. The well-known expander Chernoff bound [35,70] says that we may do
this, and the quality of the result depends on the expansion parameter A. In this
chapter, we’ll need a slight variant on the expander Chernoff bound, which we state

and prove below.

Lemma 6.7. Let G be a d-regqular graph on N vertices, and H be its double cover. Let
B C E(H) best a set of p|E(H)| edges, and suppose that p > 6\, where A\ = X\(GQ) is
the expansion parameter. Let vy, ..., vy be a random walk of length L on H, starting
from the left side at a vertex chosen from a distribution' v with ||1/ — %1,1‘}2 < \/Lﬁ
Let X denote the number of edges in B included in the walk, and choose v so that

p+2X <~y <1/2. Then
P{X > 7L} <exp(=LD(y|lp+2))).

In particular, when p + 2\ <In(1/(1 — 7)), we have

P+ 2)\>7L

v

1We think of a distribution v on Vj as a vector v € RY_ so that ||v||1 = 1. Thus, v[u] is the probability mass on
>0
vertex u. B

P{X >~L} < (
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As mentioned above, this is very much like the expander Chernoff bound [35,70].
In this case, H is the double cover of an expander, not an expander itself, and the
edges, rather than vertices, are corrupted, but the proof remains basically the same.

For completeness, we include the proof of Lemma 6.7 here.

6.2.1 Proof of Lemma 6.7

The lemma follows with only a few tweaks from standard results. The only differ-
ences between this and a standard analysis of random walks on expander graphs are
that (a) we are walking on the edges of the bipartite graph H, rather than on the
vertices of G, and (b) our starting distribution is not uniform but instead close to
uniform. Dealing with this differences is straightforward, but we document it below
for completeness.

First, we need the relationship between a walk on the edges of a bipartite graph
H and the corresponding walk on the vertices of G. For ease of analysis, we will

treat H as directed, with one copy of each edge in each direction.

Lemma 6.8. Let G be a degree d undirected graph on d vertices with normalized
adjacency matrix A, and let H be the double cover of G. For each vertex v of G,
label the edges incident to v arbitrarily, and let v(i) denote the i’ edge of v. Let H'

be the graph with vertices V(G) x [d] x {0,1} and edges

E(H") ={((u,i,b), (v,7,V)) : (u,v) € E(G),b#V,u(i) =v}.

Then H' is a directed graph with 2dN edges, and in-degree and out-degree both equal

to d. Further, the normalized adjacency matriz A’ is given by

A=R®S

01
where S : R? - R? is S = and R : R™ — R" is an operator with the same

10
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rank and spectrum as A.

Proof. We will write down A’ in terms of A. Index [N] by vertices of V, so that
e, € R™ refers to the standard basis vector with support on v. Let ® denote the

Kronecker product. We will need some linear operators. Let B : RN — RY” 5o that
Ble,®e,) =€, ® e,
and P : RY* — RN 50 that

e ®e; v=u(i)
P(e, ® e,) =

0 (u,v) & E(G)
Finally, let S : R? — R? be the cyclic shift operator. Then a computation shows

that the adjacency matrix A" of H’' is given by
(P(I® A)BP") ® S.

Let R = P(I ® A)BPT. To see that the rank of R is at most NN, note that for any

i € [d] and any u € V(G),

1
R(eu & ej) = eyu(j) ® Eld.

In particular, it does not depend on the choice of j. Since {e, ® e; : u € V(G),j € [d]}
is a basis for RV?, the image of R has dimension at most n. Finally, a similar compu-
tation shows that if p is an eigenvector of A with eigenvalue A, then p® éld is a right
eigenvector of R, also with eigenvalue A. (The left eigenvectors are P(x1y @ p)).

This proves the claim. O]

With a characterization of A’ in hand, we now wish to apply an expander Chernoff

bound. Existing bounds require slight modification for this case (since the graph H’
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is directed and also not itself an expander), so for completeness we sketch the changes
required. The proof below follows the strategies in [2] and [70]. We begin with the

following lemma, following from the analysis of [2].

Lemma 6.9. Let G and H be as in Lemma 6.8, and let vy, vy, ..., v be a random
walk on the vertices of H, beginning at a vertex of H, chosen as follows: the side of
H is chosen according to a distribution oo = (s,1 — s), and the vertex within that
side is chosen independently according to a distribution v with ||v — %11\[”2 < \/LN

Let W be any set of edges in H, with |W| < pnd. Suppose that p > 6X. Then for

any set S C {0,1,...,T — 1},

P {(vy,v141) € WVt € S} < (p+20)F.

Proof. As in Lemma 6.8, we will consider H as directed, with one edge in each
direction. As before, we will index these edges by triples (u,i,¢) € V(G) x [d] x{0, 1},
so that (u, i, /) refers to the i edge leaving vertex u on the ¢ side of H. Let u be

the distribution on the first step (vo, v1) of the walk, so
1
Uw=rv® Eld ® 0g.

Let M € R?N? be the projector onto the edges in W. Let M©) be the restriction
to edges emanating from the left side of H, and M from the right side, so that both
MO and M® are Nd x Nd binary diagonal matrices with at most pNd nonzero
entries. Let A’ = R ® S be as in the conclusion of Lemma 6.8. After running the
random walk for 7" steps, consider the distribution on directed edges of H, conditional
on the bad event that (v, v;41) € W for all t € S. As in the analysis in [2], this
distribution is given by

(Mg, A)(Myp_p A') - - - (M1 A") (Mop)
P{(vy,v41) € W,Vt € S} ’

Hr =
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where

M telS
Mt:

I t¢s

Since the 1 norm of any distribution is 1, we have
(61) P{(Ut,UH_l) € VV,Vt c S} = H(MT—lA/>(MT—2A/>

Let
po = Mo,

and

pre = MyA ey,

so we seek an estimate on ||upl];.

s (ML AT) (Mop)l

The following claim will be sufficient to prove the theorem.

Claim 6.10. If p > 6\, andt € S,

(=20 elly < Hlpregally < (o 20) [l el

On the other hand, if t & S,

lpelly = Nlesally -

The second half of the claim follows immediately from

the definition of u;. To

prove the first half, suppose that t € S. We will proceed by induction. Again, we

follow the analysis of [2].

Write g = vg ® 0p, and write oy = (s, 1 —s) Part of our inductive hypothesis will

be that for all ¢,

e = v,fo) & sgeg + vt(l) ® (1 —sy)eq,
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where s, = s if ¢ is even and 1 — s if ¢ is odd, and where vt(i) € RN For i € {0,1},

write
o =) 14,

where 2" 11 and \” L 1. The second part of the inductive hypothesis will be

(6.2) 1y 2 < qll2?],

for a parameter ¢ to be chosen later, and for i € {0, 1}.

Because

el = selloOfh + (1 = se) [0 |1
0 1
= 5ol + (1 = s0) |2

= Vid (sullzf 12 + (1 = s0) 212

it suffices to show that

1

(6.3) (1= 23 |

), <] |
2 2

and similarly with the 0 and 1 switched. The analysis is the same for the two cases,

so we just establish (6.3). Using the decomposition A’ = R ® S from Lemma 6.8,

pur1 = My(R® S) (0 @ sie0 +vi” @ (1 - se)er)
= M, (th(o) (1 —s4401)eq + th ® St+160>

= (Mt(l)Rv,Eo)) ® (1 — s441)e1 + <Mt(O)RU§1)) ® Sir1€0
This establishes the first inductive claim about the structure of u;; 1, and

vt(i)l = Mt(o) val) and v&)l = Mt(l)Rvgo).
Consider just vg)l. We have

1 1 0 0
vth = MR +4,7).



164

Because t € S, we know that Mt(l) is diagonal with at most pnd nonzeros, and further
we know that R has second normalized eigenvalue at most A\, by Lemma 6.8. The

analysis in [2] now shows that, using the inductive hypothesis (6.2),

0 0 1 0 0
6.4) ol s — o /p(1 = )22 s < Nz 12 < pllat”l2 + aAv/p(1 = )|z 2,

and that
1 0 0
lyshlle < aMlz2le + /o1 = p)lat” 2.

We must ensure that (6.2) is satisfied for the next round. As long as A < p/6, this
follows from the above when

1—
g=2,/—L
p

With this choice of ¢, the (6.3) follows from (6.4). Further, the hypotheses on v show

that the (6.2) is satisfied in the initial step. O
Finally, we invoke the following theorem, from [70].

Theorem 6.11 (Theorem 3.1 in [70]). Let Xi,..., X be binary random variables

so that for all S C [L],

]P’{/\Xizl} < 618,

=
Then for all v > 0,

L
P {ZXl > ,YL} < e~ LD(OI9)

=1

Lemma 6.7 follows immediately.
6.3 Local correctability of expander codes
Preliminaries dispensed with, we are ready to present our local correction algo-

rithm for expander codes. We use a formulation of expander codes due to [115]. Let

G be a d-regular expander graph on N vertices with expansion parameter A, as in
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Definition 6.4. We will take G to be a Ramanujan graph, that is, so that A < 2‘/3_71;
as mentioned above, explicit constructions of Ramanujan graphs are known [83,85,86]
for arbitrarily large values of d. Let H be the double cover of GG, as in Definition 6.6.
Fix a linear inner code Cy over [ of rate Ry and relative distance dg. Let N = nd.
For v; € V(H), let I'(v;) = (I'1(vs), ..., Ta(v;)) denote the edges attached to v, with

an arbitrary order. The expander code C C F" of length n arising from G and Cj is

the Tanner code (as in Definition 2.2) defined by H and Cy. That is,
(6.5) C=Co(Co,G) = {x €F" : g, € Co for all v; € V(H)}

As we saw in Chapter 2, as long as the inner code Cy has good rate and distance, so

does the resulting code C.

Theorem 6.12 ( [98,105]). The code C has rate R > 2Ry—1, and as long as 2\ < dy,

the relative distance of C is at least 63 /2.

Notice that when Ry < %, Theorem 6.12 is meaningless. The rate in Theorem
6.12 comes from the fact that Cy has rate Ry, so each vertex induces (1 — Ry)d linear
constraints, and there are N vertices, so the outer code has Nd(1 — Ry) constraints.
Since the outer code has length n = Nd/2, its rate is at least 2Ry — 1. This naive
lower bound on the rate ignores the possibility that the constraints induced by the
different vertices may not all be independent. It is an interesting question whether
for certain inner codes, a more careful counting of constraints could yield a better
lower bound on the rate. The ability to use inner codes of rate less than % would
permit much more flexibility in the choice of inner code in our constructions.

The difficulty of a more sophisticated lower bound on the rate was noticed by
Tanner, who pointed out that simply permuting the codewords associated with a

given vertex could drastically alter the parameters of the outer code [105].
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6.3.1 Local Correction

If the inner code Cy has a smooth local reconstruction procedure, then not only
does C have good distance, but we show it can also be efficiently locally corrected.

Our main result is the following theorem.

Theorem 6.13. Let Cy be a linear code over F of length d and rate Ry > 1/2.
Suppose that Cy has a sg-smooth local reconstruction procedure with query complexity
Qo. Let C = C,(Cy,G) be the expander code of length n arising from the inner
code Cy and a Ramanugjan graph G. Choose any v < 1/2 and any ¢ > 0 satisfying
¥ (eCQO)_l/v > 8\. Then C is (Q, p)-locally correctable, for any error rate p, with

p <7 (eCQO)*l/7 — 2)\. The success probability is

1 (n)—l/ln(d/4)
d

and the query complexity is

() (oY) 2

Further, when the length of the inner code, d, is constant, the correction algorithm

runs in time O(|F|9+1Q), where Q) = Qo + (d — s0).

Remark 12. We will choose d (and hence Q) < d) and |F| to be constant. Thus,
the rate of C, as well as the parameters p and e, will be constants independent of
the block length n. The parameter ( trades off between the query complexity and the
allowable error rate. When Qq is much smaller than d (for example, Qo = 3 and d
is reasonably large), we will want to take ¢ = O(1). On the other hand, if Qo = d°

and d is chosen to be a sufficiently large constant, we should take { on the order of

In(Qo).
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Before diving into the details, we outline the correction algorithm. First, we
observe that it suffices to consider the case when the local correction algorithm Sy of
the inner code is perfectly smooth: that is, the queries of the inner code are uniformly
random. Otherwise, if Sj is sg-smooth with )y queries, we may modify it so that
it is d-smooth with Qo + (d — s¢) queries, by having it query extra points and then
ignore them. Thus, we set Q) = @y and assume in the following that Sy makes Qg
perfectly smooth queries.

Suppose that Cy has local reconstruction algorithm (Sy, Ag), and we receive a
corrupted codeword, w, which differs from a correct codeword c¢* in at most a p
fraction of the entries. Say we wish to determine ¢*[(ug,v1)], for (ug,v1) € E(H).
The algorithm proceeds in two steps. The first step is to find a set of about n®/?
query positions which are nearly uniform in [n], and whose correct values together
determine ¢*[(ug,v1)]. The second step is to correct each of these queries with very

e/2

high probability—for each, we will make another n®“ or so queries.

Step 1. By construction, ¢*[(ug, v1)] is a symbol in a codeword of the inner code,
Co, which lies on the edges emanating from uy. By applying Sy, we may choose @

of these edges, S = Sp(ug) = {(uo, s tie [Qg]}, so that

AO (C*|S ) (UO’ Ul)) = C[(Uo, Ul)]'

Now we repeat on each of these edges: each (uy, sgi)) is part of a codeword emanating

from 55"), and so Qg more queries determine each of those, and so on. Repeating this
L times yields a Qp-ary tree T  of depth L;, whose nodes are labeled by of edges of H.
This tree-making procedure is given more precisely below in Algorithm 4. Because

the queries are smooth, each path down this tree is a random walk in H; because G is

an expander, this means that the leaves themselves, while not independent, are each
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close to uniform on F(H). Note that at this point, we have not made any queries,

merely documented a tree, T, of edges we could query.

Step 2. Our next step is to actually make queries to determine the correct values
on the edges represented in the leaves of T'. By construction, these values determine
c*[(ug,v1)]. Unfortunately, in expectation a p fraction of the leaves are corrupted,
and without further constraints on Cy, even one corrupted leaf is enough to give the
wrong answer. To make sure that we get all of the leaves correct, we use the fact
that each leaf corresponds to a position in the codeword that is nearly uniform (and
in particular nearly independent of the location we are trying to reconstruct). For
each edge, e, of H that shows up on a leaf of T', we repeat the tree-making process
beginning at this edge, resulting in new (Qg-ary trees T, of depth Ly. This time, we
make all the queries along the way, resulting in an evaluated tree 7., whose nodes
are labeled by elements of F; the root of 7. is the e-th position in the corrupted
codeword, w[e], and we hope to correct it to c*[e].

For a fixed edge, e, on a leaf of T', we will correct the root of 7 = 7, with very
high probability, large enough to tolerate a union bound over all the trees 7.. For

two labelings o and v of the same tree by elements of [F, we define the distance
(6.6) D(o,v) :mgX5(U|P>V|P)a

where the maximum is over all paths P from the root to a leaf, and o|, denotes the
restriction of o to P. We will show below in Section 6.3.2 that it is very unlikely that
7 contains a path from the root to a leaf with more than a constant fraction v < 1/2
of errors. Thus, in the favorable case, the distance between the correct tree 7* arising
from ¢* and the observed tree 7 is at most D(7*,7) < 7. In contrast, we will show

that if o* and 7* are both trees arising from legitimate codewords with distinct roots,
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then o* and 7* must differ on an entire path P, and so D(¢*,7) > 1 — v. To take

advantage of this, we show in Algorithm 5 how to efficiently compute

Score(a) = min  D(o", )

o*:root(c*)=a

for all a, where root(c*) denotes the label on the root of o*. The above argument
(made precise below in Section 6.3.2) shows that there will be a unique a € F with
score less than ~, and this will be the correct symbol ¢*[e].

Finally, with all of the leaves of T' correctly evaluated, we may use Ag to work our
way back up T and determine the correct symbol corresponding to the edge at the

root of T'. The complete correction algorithm is given below in Algorithm 3.

Algorithm 3: correct: Local correcting protocol.

Input: An index eq € E(H), and a corrupted codeword w € FEU),
Output: With high probability, the correct value of the ey’th symbol.
Set Ly = log(N)/log(d/4) and fix a parameter Ls.
T = makeTree(eg, L1)
for each edge e of H that showed up on a leaf of T do

T. = makeTree(e, Ls).

Let 7. = T¢|,, be the tree of symbols from w.

w*[e] = correctSubtree(.).

Initialize a Qg-ary tree 7* of depth Lj.

Label the leaves of 7" according to T" and w*: if a leaf of T is labeled e, label the
corresponding leaf of 7% with w*[e].

Use the local reconstruction algorithm Ag of Cy to label all the nodes in 7*.
return the label on the root of T*.

The number of queries made by Algorithm 3 is

(6.7) Q= Qitt

and the running time is O(t4|F|?1Q), where t; is the time required to run the
local correction algorithm of Cy. For us, both d and |F| will be constant, and so the

running time is O(Q).
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Algorithm 4: makeTree: Uses the local correction property of Cg to construct a tree of indices.
Input: An initial edge eg = (up,v1) € E(H), and a depth L.
Output: A Qq-ary tree T of depth L, whose nodes are indexed by edges of H, with root eg
Initialize a tree T with a single node labeled eg
s=0
for (e [L] do

Let leaves be the current leaves of T'.

for e = (us,v1—5) € leaves do

Let {v@s ENS [d]} be the neighbors of us in H.

Choose queries Qqo(e) C {(us, v%i_)s) RS [d}}, and add each query in T' as a child at

€.

s=1—s

return 7'

Algorithm 5: correctSubtree: Correct the root of a fully evaluated tree 7.

Input: 7, a Qp-ary tree of depth L whose nodes are labeled with elements of F.
Output: A guess at the root of the correct tree 7.

For a node z of 7, let 7[z] denote the label on z.

for leaves x of T and a € F do

best,(x) = {1 Tlel # a

0 7z]=a

for{=L—-1,L—-2,...,0do

for nodes x at level ¢ in 7 and a € F do
Let y1,...,yq, be the children of .
Let S, C FQ be the set of query responses for the children of x so that Ay returns a
on those responses.

best, (v) = min(amu,ago)esa maxre[Qo] (beStar (yr) + 1T(y7-)7ﬁaw-)

Let r be the root of 7.
for a € F do
best, (1) + 1()2a

Score(a) = 7

return a € F with the smallest Score(a).

6.3.2 Proof of Theorem 6.13

Suppose that ¢* € C, and Algorithm 3 is run on a received word w with 6(c*, w) <
p. To prove Theorem 6.13, we must show that Algorithm 3 returns ¢*[eo] with high
probability. As remarked above, we assume that the inner recovery algorithm Sy is
perfectly smooth.

We follow the proof outline sketched in Section 6.3.1, which rests on the following
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observation.

Proposition 6.14. Let ¢1,c5 € C and let e € E(H) so that cile] # cale]. Let the
distance D between trees with labels in F be as in (6.6). Let T = makeTree(e), and
let 7 =T|, and o = T|,, be the labeled trees corresponding to ¢y and cy respectively.
Then D(1,0) = 1. That is, there is some path from the root to the leaf of T so that

T and o disagree on the entire path.

Proof. Since c¢;[e] # cole], 7 and o have different symbols at their root. Since the
labels on the children of any node determine the label on the node itself (via the
local correction algorithm), it must be that 7 and o differ on some child of the root.

Repeating the argument proves the claim. O]

Let 7. be the tree arising from the received word w, starting at e, as in Algorithm
3. Let

Te = {makeTree(e)|, : c€ C}

C
be the set of query trees arising from uncorrupted codewords, and let 7 € 7. be the

“correct” tree, corresponding to the original uncorrupted codeword c¢*. Suppose that
(6.8) D(7e,77) <y

for some 7 € [0,1/2). Then Proposition 6.14 implies that for any of € 7. with a

different root from 7 has
(6.9) D(1e,02) > 1—17.

Indeed, there is some path along which 7 and o differ in every place, and along this
path, 7. agrees with 7 in at least a 1 — « fraction of the places. Thus, 7, disagrees

with ¢ in those same places, establishing (6.9). Consider the quantity

(6.10) Score(a) = min D(t.,070).

ot €Teroot(o})=a
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Equations (6.8) and (6.9) imply that if a* is the label on the root of 7, then
Score(a) < ~, and otherwise, Score(a) > 1 — . Thus, to establish the correct-
ness of Algorithm 3, it suffices to argue first that Algorithm 5 correctly computes
Score(a) for each a, and second that (6.8) holds for all trees 7, in Algorithm 3.

The first claim follows by inspection. Indeed, for a node = € 7, let (7.), denote
the subtree below x. Let ﬁ(m’a) denote the set of trees in 7. so that the node zx is
labeled a. Throughout Algorithm 3, the quantity best,(z) gives the distance from
the observed tree rooted at x to the best tree in 7., rooted at x, with the additional

restriction that the label at x should be a. That is,

(6.11) best,(z) = min D ((02),:(1e),)

e
where D is the same as D except it does not count the root, and it is not normalized.
It is easy to see that (6.11) is satisfied for leaves = of 7.. Then for each node,
Algorithm 5 updates best,(z) by considering the best labeling on the children of z
consistent with 7(x) = a, taking the distance of the worst of those children, and
adding one if necessary.

To establish the second claim, that (6.8) holds for all trees 7., we will use Lemma
6.7 from Section 6.2. Applying Lemma 6.7 with B equal to the set of corrupted
edges, we see that a random walk on H will not hit too many corrupted edges. The
conditions on p and A in the statement of Theorem 6.13 implies that p > 6\, and so
Lemma 6.7 applies to random walks on H.

Suppose that L; is even, and consider any leaf of T'. This leaf has label (ug,v;) €
E(H), where u is the result of a random walk of length L; on G and v is a randomly

chosen neighbor of u. Because GG is a Ramanujan graph, the distribution p on u
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satisfies
1 1
p——1y|| <A< —
-2 = 7
as long as
> JosN)
log(d/4)

Thus, Lemma 6.7 applies to random walks in H starting at e. Fix a leaf of 7.; by
the smoothness of the query algorithm Sy, each path from the root to the leaf of
each tree 7, is a uniform random walk, and so with high probability, the number of
corrupted edges on this walk is not more than Ly, which was the desired outcome.

Finally, we union bound over Qél trees 7, and QOLQ paths in each tree. We will
set Ly = CLy, for a constant C' to be determined. Thus, (6.8) holds (and hence

Algorithm 3 is correct) except with probability at most

(6.12) P {Algorithm 3 fails} < exp ((O + 1)Ly In(Qo) — CyLy In ( 32)\)) .
p

Our goal is to show that P {Algorithm 3 fails} < exp(—L;), which is equivalent

to showing

(C+1)In(Qo) — CvIn <p+72)\> < -1

Rearranging, this means our goal is to find C so that

C <1n(Q0) —~In <032A)> < —1-1n(Qy)

By hypothesis in Theorem 6.13 we have p < y (eCQO)_l/7 — 2\, which means that

7o (pjw) >7n (W) —7n ((5Qo) ") = ¢+ Qs
0

Thus

In(Qo) — 7 In (pfm) <

is sufficient to bound the failure probability by exp(—L;).

Thus choosing C' = %

From (6.7), @ = Q((]CH) U1 which completes the proof of Theorem 6.13.
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6.4 Examples

In this section, we provide two examples of choices for Cy, both of which result in
(n®, p)-LCCs of rate 1 — « for any constants e, « > 0 and for some constant p > 0.
Our first and main example is a generalization of Reed-Muller codes, based on finite
geometries. With these codes as Cy, we provide LCCs over F,—unlike multiplicity
codes, these codes work naturally over small fields.

Our second example comes from the observation that if the Cy is itself an LCC (of
a fixed length) our construction provides a new family of (n®, p)-LCCs. In particular,
plugging the multiplicity codes of [79] into our construction yields a novel family of
LCCs. This new family of LCCs has a very different structure than the underlying

multiplicity codes, but achieves roughly the same rate and locality.

Codes from Affine Geometries. One advantage of our construction is that the
inner code Cy need not actually be a good locally decodable or correctable code.
Rather, we only need a smooth reconstruction procedure, which is easier to come by.
One example comes from affine geometries; in this example, we will show how use
Theorem 6.13 to make LCCs of length n, rate 1 — o and query complexity n®, for
any «, e > 0.

For a prime power h = p’ and parameters » and m, consider the r-dimensional
affine subspaces Ly, ..., L; of the vector space F}'. let H be the t x h™ incidence
matrix of the L; and the points of F}*, and let A*(r,m,h) be the code over F,
whose parity check matrix is H. These codes, examples of finite geometry codes, are
well-studied, and their ranks can be exactly computed—see [3,4] for an overview.

The definition of of A*(r, m, h) gives a reconstruction procedure: we may query all

the points in a random 7r-dimensional affine subspace of [F}* and use the corresponding
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parity check. In particular, if we index the positions of the codeword by elements of
F7. Then given the position € F}", the query set S(x) is all the points other than
x in a random r-flat L that passes through z. Given a codeword ¢ € A*(r,m, h), we

may reconstruct ¢, by

A <C|S(x)> =— Z Cy.

yeQ(z)
By definition, (A, S) is a smooth reconstruction procedure which makes h" queries.

The locality of A*(r,m, h) has been noticed before, for example in [41], where it
was observed that these codes could be viewed as lifted parity check codes. However,
as they note, these codes do not themselves make good LCCs—the reconstruction
procedure cannot tolerate any errors in the chosen subspace, and thus the error rate
p must tend to zero as the block length grows. Even though these codes are not good
LCCs, we can use them in Theorem 6.13 to obtain good LCCs with sublinear query
complexity, which can correct a constant fraction of errors. We will use the bound

on the rate of A*(1,m, h) from [41]:

Lemma 6.15 (Lemma 3.7 in [41]). Choose { = em, with h = p' as above. The

dimension of A*(1,m,h) is at least K™ — K-8 for B = B(e') = Q(272/<").

We will apply Lemma 6.15 with

= and m = —ln(2/a)
2 e’B(e") In(p)’

to obtain a p-ary code Cy of length d = p='™ with rate Ry at least 1 — a/2 and which
has a (d — 1)-smooth reconstruction algorithm with query complexity Qy = de. To
apply Theorem 6.13, fix any €, > 0, sufficiently small. We set ( = 2In(Qy), and
choose v = 1/4 in Theorem 6.13, and use Cy: the resulting expander code C has rate

1 — a and query complexity

o< (3)
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for sufficiently large d. Finally, using the fact that A < 2/+/d, we see that C corrects

against a p fraction of errors, where

1 /
— _d—Ga
P=75

again for sufficiently large d, as long as ¢ < 1/12. Assuming ¢ and « are small enough
that d is a suitably large constant, this rate p is a positive constant, and we achieve

the advertised results.

Multiplicity codes. Multiplicity codes [79] are themselves a family of constant-rate
locally decodable codes. We can, however, use a multiplicity code of constant length
as the inner code Cy in our construction. This results in a new family of constant-
rate locally decodable codes. The parameters we obtain from this construction are
slightly worse than the original multiplicity codes, and the main reason we include
this example is novelty—these new codes have a very different structure than the
original multiplicity codes.

For constants «/,&’" > 0, the multiplicity codes of [79] have length d and rate
Ry = 1—«/ and a (d—1)-smooth local reconstruction algorithm with query complexity
Qo = O(d®). To apply Theorem 6.13, we will choose ¢ = C'In(Q,) for a sufficiently

large constant C', and so the query complexity of C will be

Q- <%> (1+8)¢’

for an arbitrarily small constant 5. Thus, setting ¢ = /(1 + ), and a = 2a/, we
obtain codes C with rate 1—¢ and query complexity (n/d)®. As long as ¢ is sufficiently
small, C can tolerate errors up to p = C'd~¢" for constants C' and C” (depending

on the constants in the constructions of the multiplicity code, as well as on C' above).
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Multiplicity codes require sufficiently large block length d, on the order of

1\ 1
d =~ 1 — .
() ()

Choosing this d results in a requirement p < 1/poly(ac). We remark that the

distance of the multiplicity codes is on the order of §y = Q(a?¢), and so the distance

of the resulting expander code C is Q(a%e?).

6.5 Conclusion

In the constant-rate regime, all known LDCs work by using a smooth local recon-
struction algorithm. When the locality is, say, three, then with very high probability
none of the queried positions will be corrupted. This reasoning fails for constant
rate codes, which have larger query complexity: we expect a p fraction of errors in
our queries, and this is often difficult to deal with. In this chapter, we made the
low-query argument valid in a high-rate setting—any code with large enough rate
and with a good local reconstruction algorithm can be used to make a full-blown
locally correctable code.

The payoff of our approach is the first sublinear time algorithm for decoding
expander codes. More precisely, we have shown that as long as the inner code Cy
admits a smooth local reconstruction algorithm with appropriate parameters, then
the resulting expander code C is a (n®, p)-LCC with rate 1 — «, for any a,e > 0 and
some constant p. Further, we presented a decoding algorithm with runtime linear in
the number of queries.

There are only two other constructions known in this regime, and and our con-
structions are substantially different. Expander codes are a natural construction,
and it is our hope that the additional structure of our codes, as well as the extremely

fast decoding time, will lead to new applications of local decodability.
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CHAPTER 7

Summary and conclusions

7.1 Summary of contributions

We have investigated two variants of coding theory from a rather non-standard
view. In list decoding, we worked very hard to ignore some very nice algebraic
structure, and focused instead on probabilistic and geometric considerations. In
local decoding, we used a combinatorial and probabilistic approach to provide new
constructions of LCCs, while to date only algebraic constructions were known.

As punchlines of our work on list decoding, we showed that random linear codes
are (nearly) optimally list-decodable with high probability, and that there exist Reed-
Solomon codes which are list-decodable beyond the Johnson bound. These questions
had each been open for over 15 years. Along the way, we developed a toolkit which
complements existing algebraic approaches. Our toolkit could be described as a gen-
eral theory of “random stuff you can do to codes.” This theory gives us some insight
about the structure of list-decodability: while it may not be the case that a simple
structural property (like distance) is enough to guarantee optimal list-decodability,
it is the case that a simple structural property and a little bit of randomness (like
distance and some random puncturing) s enough.

In local-decoding, we gave examples of constant-rate locally correctible codes,
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using expander graphs and some probabilistic arguments. Our constructions are the
third known family of codes in this regime, and they are of a very different flavor:
while existing approaches are algebraic, ours are are combinatorial. In fact, “our”
constructions are actually expander codes, which are neither ours nor new. Thus,
our work also gives sublinear time decoding algorithms for a well-studied family of
codes.

Finally, and most importantly, we have perhaps improved life for Alice and Bob

(Figure 7.1.)

©)
~

Alice Bob

Figure 7.1: Concrete results of the work in this dissertation.

7.2 Future work and open questions

Fortunately (from the perspective of obtaining future employment) we did not
solve all of the problems.! We conclude with a few open problems raised by our

work.

7.2.1 List decoding

In Chapter 3, we gave a very simple argument for the optimal list-decodability of
random linear codes over constant-sized alphabets. The major open question of that
chapter was to extend the argument to large alphabet sizes. We nearly did this in

Chapter 4, but there were some obnoxious logarithmic factors, and our proof became

LClearly, this was a deliberate decision.
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much more complicated. It is natural to ask if either or both of these issues could

be ameliorated.

Question 7.1. Is it true that random linear codes of rate 2(e) are list-decodable up
to radius p = (1 — €) for sufficiently large alphabet sizes q? And, if so, is there a

simple proof ?

In Chapter 4, our main motivation was Reed-Solomon codes, and we showed that
there exist Reed-Solomon codes which are list-decodable beyond the Johnson bound.
Again, there is the open question of removing the logarithmic factors. Additionally,

there’s the problem of actually finding such a code.

Question 7.2. For any R = w(e?), is there a set of explicit evaluation points
ai,...,a, So that the Reed-Solomon code of rate R with these evaluation points is

list-decodable up to radius p=1—¢?

One way to try to attack Question 7.2 is to find evaluation points that are suit-
able “structure-free.” More precisely, the work of [12] shows that certain algebraic
structure in the evaluation points is bad (in that it hinders list-decodability); our
work shows that a lack of structure (random evaluation points) are good. Making

this rigorous is an interesting direction.

Question 7.3. Charactize algebraic structure that hinders list-decodability. More

precisely, is there some (nontrivial) algebraic property so that

(a) any Reed-Solomon code whose evaluation points avoid this property is list-decodable

beyond the Johnson bound, and

(b) any Reed-Solomon code whose evaluation points have this property get stuck at

the Johnson bound?
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Even finding a nontrivial property so that (a) is true would be interesting, and, de-

pending on the property, could answer Question 7.2.

Choosing evaluation points to be subspace evasive sets seems like a good candi-
date.

Question 7.3 leads naturally to a more general question about the structure of
list-decoding. Our work on list-decoding gave a theory of “random stuff you can do
to codes,” and one take-away is that “most codes (derived from) codes with good
structural properties are optimally list-decodable.” When the structural property
was distance, this gave a sort of randomized version of the Johnson bound. This was
satisfying because it went beyond the actual Johnson bound, but unsatisfying because
of the randomness. A very ambitious goal is to derandomize this approach, and
to characterize (deterministically) the pathological cases which prevent the actual

Johnson bound from working.

Question 7.4. Is there a simple structural property A (like distance) and another
simple structural property B (a generalization of an answer to Question 7.3 to arbi-
trary codes) so that having A and not B is a sufficient condition for (near) optimal

list-decodability?

Whether or not we can derandomize our results, we might ask whether or not we
can do anything efficient with them. In Chapter 5, we focused our machinery on
closing the gap between the combinatorial and probabilistic approach of this thesis
and the existing algorithmic approaches. The holy grail for list-decoding is Problem
5.1, and we did not come close. Any further progress in this direction would be

exciting.?

2Especially if it rests on the work in this dissertation.
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Question 7.5. Is there any way to apply Theorem 4.6 to obtain efficiently decodable

list-decodable codes, with any nontrivial parameters?

Finally, list-decodable codes are related to many pseudorandom objects. (See [107]
for a nice overview of many of these connections). It is natural to ask if our machinery

could be used there as well.

Question 7.6. Can one extend the tools from this dissertation to answer open ques-
tions in pseudorandomness? As a concrete question, is a random linear extractor’

an optimal strong extractor?

The machinery of Gaussian processes, well-understood and also well-exploited in
other areas, has a great deal of potential in coding theory and pseudorandomness.
The problem of controlling the worst case of a random process, a.k.a., bounding
[E sup[stuff], is ubiquitous in coding theory, pseudorandomness, and other areas of
theoretical computer science. It is exciting to think how tools from (continuous)

probability might be brought to bear in these (generally discrete) domains.

7.2.2 Local decoding

In Chapter 6, we gave a general framework for turning codes Cy with smooth
local reconstruction algorithms into full-blown locally correctible codes. We gave
two instantiations of such inner codes, both of which gave codes of arbitrarily high
rate and query complexity n®. Many questions remain about how to choose inner
codes. A major limitation on allowable inner codes is that the rate needs to be at
least 1/2 in order to obtain an expander code with nontrivial rate. However, the

argument for the rate of expander codes (which we sketched in Chapter 2) is known

3That is, use a random seed to choose a m X n matrix from some random subset of all such matrices, and use
this matrix to map a low-entropy n-bit source to m bits of near-uniform randomness. This form of the question was
asked to me by Swastik Kopparty and David Zuckerman. One can say something about strong Renyi extractors
(that is, extractors for Renyi entropy) without too much trouble, but the question is for the standard definition of a
strong extractor.
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not to be tight [105]. If we could overcome this obstacle, it would give us access to a
much larger class of codes to use as inner codes (for example, perhaps we could use

Reed-Muller codes as an inner code).

Question 7.7. What other families of inner codes result in locally correctible ex-

pander codes?

A more specific form of Question 7.7, which was asked of me by Avi Wigderson
and Shubhangi Saraf, is whether we can find suitable inner codes over R. There
are no known locally correctable codes over the reals in this regime, and currect

evidence [6,24] indicates that finding LCCs over R is harder than over finite fields.
Question 7.8. Are there suitable inner codes which are linear over R?

A final question is whether or not techniques like this could be used to obtain

codes with logarithmic query complexity.

Question 7.9. Can the techniques of Chapter 6 be extended to produce codes with

rate tending to 1 and query complexity (poly)logarithmic in n?

In [21], it was conjectured that no such codes exist—if they did not, it would

imply explicit families of rigid matrices.

Finally, we conclude with the obvious question raised by this dissertation.

Question 7.10. May I please have a Ph.D.?
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