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ABSTRACT OF THE DISSERTATION

Efficient Reliable Communication in the Short Blocklength Regime

Through List Decoding and Through Feedback

by

Hengjie Yang
Doctor of Philosophy in Electrical and Computer Engineering
University of California, Los Angeles, 2022
Professor Richard Wesel, Chair

This dissertation consists of three parts investigating the efficient reliable communication in
the short blocklength regime for classical channels in three different settings: (i) no feedback,

(ii) full, noiseless feedback, and (iii) finite, stop feedback.

The first part focuses on the non-feedback binary-input additive white Gaussian noise
(AWGN) channel. A long-standing research problem is to design good linear block codes
for this channel. As its primary contribution, we propose the cyclic-redundancy-check-aided
(CRC-aided) convolutional code under serial list Viterbi decoding (SLVD). To design a good
CRC-aided convolutional code, we propose the distance-spectrum optimal (DSO) CRC poly-
nomial and provide an efficient search algorithm for a given convolutional code. We then
analyze the performance and complexity of the SLVD for the CRC-aided convolutional code.
For transmitting 64 information bits, simulation shows that some CRC-aided convolutional

codes beat the random-coding union (RCU) bound at short blocklength.

The second part of the dissertation focuses on the binary asymmetric channel (BAC)

with full, noiseless feedback, including the binary symmetric channel (BSC) as a special
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case. Building on the small-enough-difference (SED) coding scheme of Naghshvar et al.
originally proposed for symmetric binary-input channels with feedback, we generalize the
coding scheme to the class of BACs with feedback, and establish a non-asymptotic achiev-
ability bound for the deterministic variable-length feedback (VLF) code constructed from
the generalized SED coding scheme. In the specific case of the BSC, we present a refined
non-asymptotic VLF achievability bound. Despite the extreme use of feedback, Naghshvar
et al.’s results on the BSC with full feedback appear to be inferior to Polyanskiy’s bound
for codes with a limited use of feedback, known as the variable-length stop-feedback (VLSF)
codes. In contrast, numerical evaluations show that our VLF achievability bounds outper-

form Polyanskiy’s VLSF achievability bound for both BAC and BSC cases.

The third part of the dissertation focuses on the performance of VLSF codes with finite
optimal decoding times for the BILAWGN channel. We first develop tight approximations on
the tail probability of length-n cumulative information density which will play an important
role in numerical evaluations. Building on a recent result of Yavas et al. on VLSF codes
with finite decoding times, the problem reduces to an integer program of minimizing the
upper bound of average blocklength subject to the average error probability, minimum gap,
and integer constraints. By allowing real-valued decoding times and using a two-step min-
imization, we derive the gap-constrained sequential differential optimization procedure to
numerically evaluate the achievability bound. Numerical evaluations show that Polyanskiy’s
bound for VLSF codes, which assumes infinite decoding times, can be closely approached

with a finite (and relatively small) number of decoding times.
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CHAPTER 1

Introduction

In recent decades, the ultra-reliable low-latency communication (URLLC) in 5G calls for
powerful short blocklength codes with low probability of error. Depending on the availability
and types of feedback, there are three major cases worthy of investigation: channels without

feedback, channels with full noiseless feedback, and channels with finite, stop feedback.

In the first case, we focus on the non-feedback binary-input additive white Gaussian noise
(BILAWGN) channel. A long-standing research problem is to construct good block codes at
short information length (e.g., a thousand or fewer information bits) for this channel. Thanks
to the advances in finite-blocklength information theory developed by Polyanskiy, Poor, and
Verdu, the probability of error of the best (n, M) fixed-length code of blocklength n and
message size M is tightly upper bounded by the random-coding union (RCU) bound, and
is tightly lower bounded by the meta-converse (MC) bound [PPV10]. These two bounds
serve as the benchmark to assess the performance of a given short blocklength code for a
broad class of channels, including the discrete memoryless channel (DMC) and the BILAWGN
channel. For the BILAWGN channel, this dissertation proposes the cyclic-redundancy-check
(CRC)-aided convolutional code as a good short blocklength code capable of achieving the
RCU bound at low decoding complexity through serial list Viterbi decoding (SLVD).

In the second case where full noiseless feedback is present, we turn our attention to the
binary asymmetric channel (BAC) with feedback, including the binary symmetric channel
(BSC) as a special case. Naghshvar et al. [NWJ12] proposed an intriguing coding scheme

which we term as the small-enough-difference (SED) coding scheme. The deterministic



variable-length feedback (VLF) code constructed with the SED coding scheme asymptot-
ically attains both capacity and Burnashev’s optimal error exponent for the symmetric
binary-input channels with feedback. As the name suggests, although the capacity-achieving
distribution is Bern(1/2), the SED coding scheme only seeks to partition the message set
into two subsets such that the probability difference of the two subsets is small enough
rather than strictly zero. The SED coding scheme allows Naghshvar et al. to develop a

non-asymptotic VLF acheivability bound for the symmetric binary-input channels.

However, for the BSC, despite the extreme use of feedback, Naghshvar et al.’s non-
asymptotic VLF achievability bound lies beneath Polyanskiy’s achievability bound for codes
with a limited use of feedback, known as the variable-length stop-feedback (VLSF) codes
[PPV11]|. This suggests that there is still significant room to improve previous results. In
this dissertation, we extend the SED coding scheme to the BAC with feedback, and develop
a non-asymptotic VLF achievability bound that asymptotically attains the capacity of the
BAC and Burnashev’s optimal error exponent. In the specific case of the BSC, we develop
a refined non-asymptotic VLF achievability bound using a two-phase analysis. Numerical
evaluations show that our VLF bounds outperform Polyanskiy’s VLSF achievability bound
in both the BAC and BSC cases, as desired.

In practice, however, the feedback is often an ACK/NACK signal that informs the en-
coder of whether to terminate transmission. This type of feedback is known as the stop
feedback which only aims at terminating the transmission and does not affect the transmit-
ted symbol. Very often, the decoding opportunities are also limited. In [PPV11|, Polyanskiy
et al. formally defined the VLSF code and showed that the VLSF code is sufficient to dra-
matically improve the maximal achievable rate, compared to the fixed-length code at the
same blocklength and error probability. However, their bound assumes infinite decoding
times. In contrast, this dissertation investigates the performance of VLSF codes with finite
decoding times for the BILAWGN channel. A key question is whether infinite decoding times

are necessary for VLSF codes to approach Polyanskiy’s achievability bound.



Yavas et al. [YKE21b] recently developed a non-asymptotic achievability bound for VLSF
codes with finite decoding times for Gaussian channels. We first develop tight approximations
to the tail probability of cumulative information density which will play an important role in
numerical evaluations. Next, building upon Yavas et al.’s result, the problem of evaluating
the achievable rate of a VLSF code reduces to an integer program of minimizing the upper
bound on the average blocklength, subject to the average error probability, minimum gap,
and integer constraints. By allowing real-valued decoding times and utilizing a two-step
minimization, we develop the gap-constrained sequential differential optimization (SDO)
procedure to numerically estimate the achievability bound. Numerical evaluations show that
Polyanskiy’s VLSF bound, which assumes infinite decoding times, can be closely approached

with a finite and relatively small number of decoding times.

1.1 Summary of Contributions

We summarize the contributions of each chapter below. We remark that Chapters 2, 3 and
4 are independent of each other. Chapter 5 discusses the possible connections between these

topics and some interesting open problems that are worth further investigation.

Chapter 2 Contributions

In Chapter 2, we consider the concatenation of a convolutional code (CC) with an optimized
CRC code as a promising paradigm for good short blocklength codes for the BILAWGN
channel. The resulting CRC-aided convolutional code naturally permits the use of SLVD to
achieve maximum-likelihood decoding. The convolutional encoder of interest is of rate-1/w
and the convolutional code is either zero-terminated (ZT) or tail-biting (TB). The resulting

CRC-aided convolutional code is called a CRC-ZTCC or a CRC-TBCC.

To design a good CRC-aided convolutional code, we propose the distance-spectrum opti-

mal (DSO) CRC polynomial. For a low target error probability, the DSO CRC polynomial



corresponds to the one that maximizes the minimum distance of the resulting concatenated
code. In this case, we provide an efficient DSO CRC search algorithm for the TBCC. The

algorithm can be easily adapted to the ZTCC case.

To assess the performance of the CRC-aided convolutional code under SLVD, our analysis
reveals that the complexity of SLVD is governed by the expected list rank which converges
to 1 at high SNR. This allows a good performance to be achieved with a small increase in
complexity. In this chapter, we focus on transmitting 64 information bits with a rate-1/2
convolutional encoder. For a target error probability 10~#, simulations show that the best
CRC-ZTCC approaches the RCU bound within 0.4 dB. Several CRC-TBCCs outperform
the RCU bound at moderate SNR values.

Chapter 3 Contributions

In Chapter 3, we consider the problem of variable-length coding over the class of memoryless
BAC with noiseless feedback, including the BSC as a special case. In 2012, Naghshvar et al.
introduced a deterministic, one-phase coding scheme, which we refer to as the SED coding
scheme. The deterministic VLF code constructed with the SED coding scheme asymptoti-
cally achieves both capacity and Burnashev’s optimal error exponent for symmetric binary-
input channels. Building on the work of Naghshvar et al., this chapter extends the SED
encoding scheme to the class of BACs and develops a non-asymptotic upper bound on the

average blocklength that is shown to achieve both capacity and the optimal error exponent.

For the specific case of the BSC, we develop an additional non-asymptotic bound using a
two-phase analysis that leverages both a submartingale synthesis and a Markov chain time of
first passage analysis. Unlike Naghshvar et al.’s achievability bound which still lies beneath
Polyanskiy’s bound for VLSF codes, numerical evaluations show that both new achievability

bounds exceed Polyanskiy’s bound for VLSF codes.



Chapter 4 Contributions

In Chapter 4, we are interested in the performance of a VLSF code with m optimal decoding
times for the binary-input additive white Gaussian noise channel. We first develop tight
approximations to the tail probability of length-n cumulative information density by means
of Edgeworth expansion and Petrov expansion. This will play an important role in the

numerical evaluation of the upper bound on the average blocklength of a VLSF code.

Next, building on the work of Yavas et al., for a given information density threshold,
we formulate the integer program of minimizing the upper bound on average blocklength
over all decoding times subject to the average error probability, minimum gap and integer
constraints. Eventually, minimization of locally optimal upper bounds over all thresholds

yields the globally minimum upper bound and this is called the two-step minimization.

For the integer program, by allowing positive real-valued decoding times, we develop the
gap-constrained SDO procedure that sequentially produces the optimal, real-valued decoding
times. We identify the error regime in which Polyanskiy’s scheme of stopping at zero does
not improve the achievability bound. In this error regime, the achievability bounds estimated
by the two-step minimization and gap-constrained SDO show that Polyanskiy’s achievability

bound for VLSF codes can be approached with a small number of decoding times.



CHAPTER 2

CRC-Aided Convolutional Codes Under Serial List
Viterbi Decoding

2.1 Introduction

Recently, the coding theory community has witnessed a growing interest in designing power-
ful short blocklength codes (e.g., codes with a thousand or fewer information bits). This re-
newed interest is mainly driven by the stringent requirement of new ultra-reliable low-latency
communication in 5G [JPY18, SMA19|, and advances in the finite-blocklength information
theory developed by Polyanskiy, Poor, and Verdu [PPV10|. The basic question of finite-
blocklength information theory asks: what is the maximal channel coding rate achievable
at a given blocklength n and error probability €7 To answer this question, Polyanskiy et
al. developed the random-coding union (RCU) bound rcu(n, M) [PPV10, Theorem 16| and
the meta-converse (MC) bound mc(n, M)) [PPV10, Theorem 27| that provide, respectively,
tight upper and lower bounds on the error probability P*(n, M) of the best (n, M) code of
length n and M codewords. Namely,

mc(n, M) < PX(n, M) < rcu(n, M). (2.1)

They also provide the normal approxzimation [PPV10, Eq. (223)] that tightly approximates
the performance of the best (n, M) code. Thereafter, these bounds serve as benchmarks
to assess the performance of a given finite-blocklength code over a broad class of channels,
including the discrete memoryless channel (DMC) and the additive white Gaussian noise

(AWGN) channel. Due to the prohibitive complexity of an exact computation of the RCU
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and MC bounds, saddlepoint approximations of these two bounds were developed that are

shown to be numerically accurate [FVM18|.

For coding theorists, a central task is to construct structured short-blocklength codes
for the binary-input AWGN channel such that the probability of error falls into the region
delimited by the RCU bound and the MC bound at a reasonable decoding complexity.
There are numerous approaches to achieve this goal. As a comprehensive overview, Cogkun
et al. surveyed in detail the contemporary short-blocklength code designs developed in recent
decades [CDJ19]. Important examples include extended BCH codes under ordered statistics
decoding (OSD) [FS95,YSV21]|, tail-biting convolutional codes under wrap-around Viterbi
algorithm (WAVA) [GNJ17|, non-binary low-density parity-check codes [DDS14, RDW19],
non-binary turbo codes [LPM13,JM16|, and polar codes [Ar09, TV15|. Recent advances also
include the polarization-adjusted convolutional codes proposed by Arikan [Aril9, YFV20|. It
is worth noting that if no restrictions are imposed on what kind of codes should be used for
the AWGN channel, Shannon [Shab9| has ingeniously shown that the optimal (n, M) code
should be placed on a sphere in the n-dimensional Euclidean space such that the total solid
angle is evenly split between the M Voronoi regions and every Voronoi region is a perfect

circular cone in order to achieve the minimum probability of error.

While there are many possible structures for short-blocklength coding, this chapter fo-
cuses on the concatenation of a convolutional code with a cyclic redundancy check (CRC)
code. The resulting concatenated code is called the CRC-aided convolutional code. Con-
volutional codes were first introduced by Elias [Eli55|. Viterbi decoding of convolutional
codes was developed by Viterbi [Vit67] and its maximum-likelihood (ML) nature was rec-
ognized by Forney [For73, For74|. Advantages of convolutional codes include low decoding
latency [HH09, MCF12| and good error correction performance at short blocklength. The
term “CRC” stems from the use of cyclic codes for error detection [PB61|, where the cyclic
codeword can be put into systematic form with the parity bits easily generated by a linear

sequential circuit. As explained in [BK19], CRC codes are possibly shortened cyclic codes



generated by a polynomial whose leading and zero coefficients are nonzero. The order of
the generator polynomial defines the blocklength of the associated cyclic code. However, in
practice, the CRC code is a subcode of this cyclic code whose blocklength is less than the

polynomial order.

The structure of concatenating a convolutional code with a CRC code was first proposed
in the context of hybrid automatic repeat request (ARQ) [Ric94] and is used in numerous
practical systems where the convolutional code serves as an inner error-correcting code to
combat channel errors and the CRC code serves as an error-detecting code to verify if a
codeword has been correctly received. Examples include the 3GPP cellular communication

standards of both 3G [3GP06] and 4G LTE [3GP18|.

The classical decoding approach for a CRC-aided convolutional code in a hybrid ARQ
setting is Viterbi decoding with CRC verification. The input sequence identified by Viterbi
decoding is checked to determine whether it is divisible by the CRC polynomial. This
indicates whether a valid message has been decoded. If the decoded sequence is divisible by
the CRC polynomial, the message segment of the decoded sequence is declared as the most
likely message. Otherwise, a negative acknowledgement (NACK) is declared and perhaps a

retransmission request is sent to the transmitter.

Unfortunately, the classical approach of Viterbi decoding with CRC verification conceals
the true potential of the CRC-aided convolutional code. Performing a single Viterbi decod-
ing step causes the decoder to give up too early, often before encountering a convolutional
codeword whose input sequence passes the CRC verification. To unleash the power of the
CRC-aided convolutional code, we consider the serial list Viterbi decoding (SLVD) pioneered
by Seshadri and Sundberg [SS94|. SLVD sequentially produces a rank ordered list of code-
words according to their likelihoods. Hence, CRC verification can naturally be used as a

termination criterion for this list decoding.

Practical implementation of the SLVD typically assumes a constrained maximum list

size ¥ to limit the peak decoding complexity. The SLVD terminates either when an input



sequence passes the CRC verification or when the list rank reaches W. The list rank at which
the decoder stops is called the terminating list rank L. However, it is not always possible to
have L = W. This is because ¥ can be set arbitrarily large, yet only finitely many codewords
exist. This implies that L has an intrinsic maximum achievable value independent of W
which is referred to as the supremum list rank X. Consequently, L is a bounded random
variable between 1 and min{\, ¥}. Since the decoding complexity is a function of L, the

average decoding complexity is a function of the average list rank E[L].

Assume that ¥ < A. In this case, there are three possible outcomes associated with the
SLVD: 1) a correct decoding if SLVD identifies the transmitted message within ¥ trials; 2)
an undetected error (UE) if an erroneous input sequence found by SLVD passes the CRC
verification within ¥ trials; and 3) a NACK and the forced termination of the decoder if
the SLVD fails to find an input sequence that passes CRC verification within ¥ trials. In
contrast, any value of ¥ with W > X gives the same decoder behavior where no NACK is
produced. In this case, the SLVD is an implementation of ML decoding of the CRC-aided
convolutional code. In the extreme case where W = 1, the SLVD reduces to the classical

Viterbi decoding with CRC verification.

A classical list decoder [Eli57]| assumes a fixed list size and declares decoding success as
long as the transmitted codeword is in the list. In contrast, the SLVD has a more stringent
requirement for success that can lead to a higher error probability than for the classical
list decoder. Several upper bounds on error probability were developed for the classical
list decoder, e.g., [BJKO08,HSS10]. However, these results are not directly applicable to the
SLVD.

This chapter focuses on the concatenation of a rate-1/w convolutional code with an
optimized CRC code. We explore both zero-terminated convolutional code (ZTCC) and
tail-biting convolutional code (TBCC) [MW86]. The resulting concatenated code is called
a CRC-ZTCC in the first case and a CRC-TBCC' in the second case. For CRC-ZTCCs,
Lou et al. [LDW15]| realized that previous designs of CRC polynomials typically ignore the



structure of the inner error-correcting code, which leads to suboptimal performance. Lou et
al. designed optimal CRC polynomials for a given ZTCC such that the probability of UE is
minimized for a single Viterbi decoding attempt followed by CRC verification. A key point
in their analysis is that when the target probability of UE is low enough, the design principle
is equivalent to maximizing the minimum distance of the CRC-ZTCC. However, Lou et al.

did not address the optimal CRC design for a TBCC and did not consider SLVD.

Compared to the ZTCC, the TBCC has the advantage of avoiding the rate loss incurred
by the overhead associated with the zero tail that follows the information sequence, but this
overhead reduction comes with an increase in decoding complexity. A TB codeword requires
that the initial and terminating states be the same, which can be achieved, for example, by
setting the initial encoder memory to be the final bits of the information sequence. However,
this requirement increases the difficulty of efficiently identifying the ML path on the trellis

because the common value of the initial and terminating states is unknown at the decoder.

One approach to ML decoding of a TBCC is to perform Viterbi decoding from every
possible initial state [MW8&6|. Various approzimate algorithms are proposed for decoding
the TBCC based on either ML or maximum a posteriori probability criterion, e.g., [WB89,
CS94,AH98,SSF03|. Among these algorithms, the WAVA [SSF03] proves to be both efficient
and near-ML. Shankar et al. [SKS| introduced an efficient, iterative, two-phase algorithm for
exact ML decoding of TBCC, where an A* algorithm is applied in the second phase, using
information from the first phase to compute the heuristic function. To make the exact
SLVD of TBCC possible and efficient, this chapter extends Shankar et al.’s algorithm to
accommodate the CRC polynomial. Specifically, if a traceback identifies a TB path, the
CRC of the corresponding input sequence is checked. If the input sequence passes the
CRC verification, the algorithm terminates. Otherwise, the algorithm locates the next rank

ordered path.
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2.1.1 Contributions

This chapter provides a design paradigm for both CRC-ZTCCs and CRC-TBCCs, a suite of

tools for performance analysis of these codes, and a complexity analysis showing that SLVD

allows low-complexity decoding at low probability of UE for ¥ > A, i.e., an average decoding

complexity similar to standard Viterbi decoding of the convolutional code alone. These

contributions combine to yield, for example, CRC-aided convolutional codes that closely

approach the RCU bound while requiring decoding complexity similar to Viterbi decoding

on a convolutional code trellis with 28 states.

The main contributions of this chapter are summarized below.

1)

CRC-Aided Convolutional Code Design: This chapter introduces the concept of the
distance-spectrum optimal (DSO) CRC' polynomial, which minimizes the theoretical
union bound of the probability of UE for ¥ > A. Theorem 1 shows that for high
SNR, the DSO CRC polynomial reduces to the one that obtains the best minimum

distance d' ... Theorem 2 provides a sharp upper bound on the achievable d ; based
on the distance spectrum of the convolutional code. For low target probability of
UE, we present an efficient algorithm for finding DSO CRC polynomials for TBCCs
of arbitrary rate, and provide these polynomials for ZTCCs and TBCCs for optimum

rate-1/2 convolutional encoders in [LCO04] at 64 information bits.

CRC-Auded Convolutional Code Performance Analysis: The performance of a CRC-
aided convolutional code with the constrained maximum list size ¥ is measured by
three probabilities: probability of correct decoding F.y, probability of UE P, g, and
probability of NACK Pyackw, where P, g+ P. v + Pyvack,w = 1. This chapter provides
bounds, approximations, and simulation results characterizing how these probabilities
vary with W and with SNR. Theorems 4 — 6 describe how performance evolves as ¥
increases, the existence and behavior of the supremum list rank A\, and performance

(in terms of Py, P.w, and Pyackv) as a function of SNR for extreme values of ¥ =1
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and U = \.

CRC-Aided Convolutional Code Decoding Complexity: This chapter provides expres-
sions for the complexity of SLVD for CRC-ZTCCs and CRC-TBCCs. These expressions
reveal that complexity is a function of the expected list rank E[L]. This chapter char-
acterizes E[L] including a new approach to computing E[L] in the limit of low SNR,
a new analysis of conditional expected list rank given the noise magnitude, and two
new approaches for approximating the conditional expected list rank. Our parametric
approximation on the conditional expected list rank naturally leads to an accurate ap-
proximation of E[L] as a function of P. , which shows that as P, \ converges to 0, E[L]
converges to 1 (see Approximation 3 to follow). We see that for practically interesting
operating points of P, , such as 107 E[L] ~ 1 for typical CRC lengths. This implies
that for an interesting range of CRC lengths, the CRC length can be increased with
negligible impact on complexity. Moreover, for these CRC lengths, the complexity of
SLVD for the CRC-aided convolutional code is very similar to that of standard Viterbi

decoding of the convolutional code alone.

Achieving the RCU Bound with Practical Complexity: This chapter focuses on design-
ing good CRC-aided convolutional codes for transmitting 64 information bits. Simula-
tion results show that at target error probability 10~%, the CRC-ZTCC with 8 memory
elements can approach the RCU bound within 0.42 dB with decoding complexity sim-
ilar to standard Viterbi decoding of the ZTCC. The best CRC-TBCC with 8 memory

elements almost achieves the RCU bound, but requires increased decoding complexity.

2.1.2 Organization

This chapter is organized as follows: Section 4.2 introduces notation, the system architec-
ture, TB trellises, Polyanskiy et al.’s finite-blocklength bounds, and the related saddlepoint

approximations. Section 2.3 introduces the concept of the DSO CRC polynomial, shows that
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at high SNR the DSO CRC can be obtained by maximizing d' . , provides an upper bound

on d! ., and gives a DSO CRC design algorithm for TBCCs of arbitrary rate at high SNR.
Section 2.4 presents the performance and complexity analyses of SLVD of a given CRC-aided
convolutional code. Section 2.5 presents simulation results of our designed CRC-aided con-

volutional codes and a comparison of (128,64) linear block codes. Section 2.6 concludes the

chapter.

2.2 Preliminaries

2.2.1 Notation

Let Fo = {0, 1} denote the binary field. F% denotes the set of n-dimensional binary sequences.
[Fy[x] denotes the set of binary polynomials. The indicator function 1g takes the value 1 if
the event F occurs, and 0 otherwise. The polynomial u(z) = 327 usa’ € Fyfz] and its row
vector form w = [ug, us, ..., u,—1] € F4 are used interchangeably. The CRC polynomial is
represented in hexadecimal when its binary coefficients are written from the highest to lowest
order. For instance, 0xD represents 23 + 22 + 1. The convolutional generator polynomial is
represented in octal when the binary coefficients of each generator polynomial are written
from the lowest to highest order. For instance, (13, 17) represents (1+z%+ 23, 1+x+ 2% +23).
Let wy(+), du(-,-), and ||-|| denote the Hamming weight, Hamming distance, and Euclidean

norm respectively. Finally, cl(S) and 0(S) denote the closure and the boundary of a subset

S C R, respectively.

2.2.2 Architecture

This chapter considers CRC-aided list decoding of convolutional codes, as depicted in Fig.
3.1. Let u(z) = Y.F g w;z' € Fy[z] denote the k-bit binary information sequence, where u;_;

is the first bit entering the CRC encoder. The information sequence u(z) is first encoded
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u € F§ v e FET™ cely x e {-A,A}"
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Channel (~s)
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with CRC p(z)
4 € F§ or NACK yeR”

Figure 2.1: Block diagram of the CRC-aided list decoding of convolutional codes.

with a degree-m CRC generator polynomial p(z) = 1+pix+- -+ pp_12™ ' +2™ € Fylx] to
obtain m parity check bits r(z) = 2™u(x) mod p(z). Thus, we obtain v*(x) = 2™u(z)+r(x)
which is divisible by the CRC polynomial p(z). The final CRC-coded sequence v(x) is
produced by reversing v*(x), i.e., v(z) = 2¥™ ly*(z71). This guarantees that the first
bit entering the encoder, namely, ux_; in u(z), is always the lowest degree term of v(x),
consistent with common representation. The concatenated codeword ¢ € 4 of blocklength
n is obtained by convolutionally encoding v with a minimal, feedforward, (w, 1,v) encoder
g(x) = (g1(2), 92(2), - . ., 9u(@)), gi(x) = D77_ gi a7, with v memory elements. To terminate
a convolutional code into a linear block code, we consider either the ZT or TB method.
This chapter focuses on CRC-aided convolutional codes, but our analysis also involves
the higher-rate convolutional code for which the CRC codeword v is the input message. To

describe the two codes of interest as concisely as possible, define the higher-rate code C;, and

the lower-rate code C;, where the latter is the CRC-aided convolutional code, as follows,

Cr & {ceFy:c=vG Vv eFy}, (2.2)

C2{ceF:c=vG, Yo ™ st. pla)|v(z)}, (2.3)

where G € ng+m)xn is the matrix representation of the convolutional encoder. Intuitively,
the effect of p(x) is to obtain a subcode C; from the given higher-rate code C,. The exact
definition of C;, and C; require the specification of the ZTCC or TBCC. For a ZTCC, n =
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w(k +m+v) and

Gy Gy G,
G Gy Gy G, |
i Gy Gy Gy
where
G =gy oy - gus]s J=0Lm

Similarly, for a TBCC, n = w(k + m) and

[ Gy Gy - - G, ]
Gy Gy - - G
o Go Gy - - G,
G, Go G1 - Gy
G,.1 G,
Gy
G, Gy -+ G, Go

Clearly, C; C Cp, |Cp| = 2¥"™, and |G| = 2*. The rate of the CRC-aided convolutional code
(i.e., the lower-rate code) R = k/n. A fundamental quantity associated with a linear block

code is its minimum distance. To aid our discussion, we define

d". 2 min{wg(c): c€C\ {0}}, (2.4)
d' . = min{wg(c) :c€ G\ {0}}. (2.5)
As a corollary, 0 < d; < d' ;.. Note that for a ZTCC, d" is in fact the order-(k +m — 1)

row distance and is thus no less than the free distance of the convolutional code [JZ99].

The binary phase shift keying (BPSK) modulated sequence = [z, z1,...,2,_1] for
codeword ¢ is obtained via x; = (1 — 2¢;)A, where A is the BPSK amplitude, and is then
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transmitted over the AWGN channel with channel SNR ~,. Therefore, the channel model is
yi:xi—i—zi, i:O,l,...,n—l, (26)

where z;’s are independent and identically distributed (i.i.d.) according to the standard

normal distribution. Thus, v, = A% or A = /7.

Upon receiving the channel observations y, the (soft) SLVD with a constrained maximum
list size W using CRC polynomial p(x) is employed to determine the most likely information
sequences 4(x) from the trellis of the higher-rate code Cj, based on y in a sequential manner
using a maximum of ¥ trials. We assume that the SLVD sequentially produces rank ordered
codewords that are also higher-rate codewords in C,. This is true when C;, is a ZTCC and
may not be true when it is a TBCC in practice. If an input sequence v*(x) associated
with a higher-rate codeword passes the CRC verification, decoding terminates and the list
stops growing. The corresponding list rank is marked as the terminating list rank L and the
most likely information sequence u(x) is recovered from the last &k bits of 0*(z). If an input
sequence divisible by p(x) is not found after ¥ attempts, the decoder terminates at list rank
U with a NACK as the output. As mentioned earlier, there exists a supremum list rank A
(whose formal definition will be given in (2.44)) which is independent of ¥. If ¥ > A no

NACK will occur. Consequently, L is always bounded between 1 and min{\, ¥}.

A UE occurs if the SLVD erroneously identifies an input sequence 0*(x) that is divisible
by p(x) and v*(x) # v*(x). This is equivalent to the case where the UE polynomial 0*(z) —
v*(x) € Fa[z] is nonzero and is divisible by p(z). Hence, an error event is given by the input-
output pair (0(z) — v(x), é(x) — c(x)), where 0(z) # v(z) and ¢(z) is a higher-rate codeword
associated with v(x). By linearity, each error event corresponds to a pair of a nonzero input
sequence v(z) and its corresponding codeword ¢(x). When restricted to convolutional codes,

we can also use a trellis path to represent an error event.

The performance of the CRC-aided convolutional code is measured by three probabili-

ties: probability of correct decoding P, y, probability of UE F, y, and probability of NACK
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Pnackw, where P,y + P.w + Pyvackw = 1. In the special case where ¥ > A\, Py + P,y = 1.

For ease of reference, we use P, ) to represent P,y with ¥ > .

2.2.3 Tail-Biting Trellises

We follow [KV03] in describing a TB trellis. Let V' be a set of vertices (or states). The set A
is the output alphabet, and E is the set of edges described as ordered triples (v, a,v") with
v,v" € V,and a € A. In words, (v,a,v') € E denotes an edge that starts at v, ends at v/,

and has output a.

Definition 1 (Tail-biting trellises). A tail-biting trellis T = (V, E, A) of depth N is an

edge-labeled directed graph with the following property: the vertex set V can be partitioned as
V=VWuWu---UVy_ (2.7)

such that every edge in T either begins at a vertex of V; and ends at a vertex of Vi1 for some

1=0,1,...,N — 2, or begins at a vertex of Vx_1 and ends at a vertex of Vj.

Geometrically, a TB trellis can be viewed as a cylinder of N sections defined on some
circular time axis. Alternatively, we can also define a TB trellis on a sequential time axis

Z =40,1,..., N} with the restriction that V5 = Vv so that we obtain a conventional trellis.

For a trellis T' of depth N, a trellis section connecting time ¢ and ¢ + 1 is a subset
T, CV; x Ax Vi1 C F that specifies the allowed combination (s;, a;, s;11) of state s; € V;,
output symbol a; € A, and state s;11 € V;41,7=0,1,..., N —1. Such allowed combinations
are called trellis branches. A trellis path (s,a) € T is a state/output sequence pair, where
s€VoxVix---xVy,ac AV. Since s equivalently specifies the input sequence, an error

event can also be described by its corresponding trellis path (s, a).

For a TB trellis 7" of depth N, a TB path (s, a) of length N on 7' is a closed path through
N vertices. If T is defined on a sequential time axis Z = {0,1,..., N}, then any TB path

(s,a) of length N satisfies sg = sy.
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2.2.4 Finite-Blocklength Bounds and Approximations

In [PPV10], Polyanskiy et al. derived the RCU bound and the MC bound that upper and
lower bound the probability of error of the best (n, M) code, respectively. These two bounds

serve as benchmarks to assess the performance of a given finite-blocklength code.

We follow the notation in [FVM18] to introduce the RCU bound and the MC bound. Let
W"(-|-) denote a length-n channel. Let ag(P, Q) denote the smallest type-I error probability
among all tests discriminating between distributions P and @), with a type-II error probability
at most § [CT06a, Chapter 11.7]. For a random-coding ensemble defined over distribution
P the RCU bound is given by

rcu(n, M) £ Emin{1, (M — 1) pep(X™, Y™)], (2.8)
where (X", Y™) ~ P" x W™ and the pairwise error probability pep(z”,y™) is defined as
pep(z”,y") = Z(W"(y"|X") = W"(y"|2")),
with X™ ~ P". The MC bound is a minimax of a particular smallest type-I error probability

mc(n, M) = r%innr%%x {aﬁ(Pn x Wn, P" x Q”)} , (2.9)

where the minimization is over all input distributions P", and the maximization is over a

set of auxiliary, independent of the input, output distributions Q.

An exact evaluation of the RCU bound and the MC bound involves integrating tail proba-
bilities of n-dimensional random variables, which is computationally difficult even for simple
channels and moderate values of n. In [FVM18], the authors provided saddlepoint approxi-
mations of these two bounds for memoryless symmetric channels, including the binary-input
AWGN channel. These approximations are shown to be tight for a wide range of rates and
blocklengths. Section 2.5 uses saddlepoint approximations to evaluate the RCU bound and
the MC bound for the binary-input AWGN channel.
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Approximation 1 (MC bound, [FVM18]|). For memoryless symmetric channels for which
Y ~ W (:|x) is independent of x,

mc(n, M) ~ max {e‘”(EO(”)_pEé(p)) (¢(\/nU(p)) + ¢ (p/nU(p)) — 6_”(R_E6(p))) }, (2.10)

p=>0

where

1 1+
Eo( log/ ZP W (y|z) ™ ) pdy, (2.11)

Ey(p) = max Eo(p, P), (2.12)
P(z) = %erfc (%) eé sign(x), (2.13)
U(p) = —(1+ P ELp), (2.14)

where X and Y denote the discrete input and continuous output alphabets of the channel,

respectively. The mazimization in (2.12) is over all possible probability distributions on X.

Approximation 2 (RCU bound, [FVM18|). For memoryless symmetric channels for which
Y ~ W(-|x) is independent of x,

reu(n, M) = &, (p) + pn(p)e @700, (2.15)

where p is the value for which E{(p, P) = R, and

L 1+p
Qo) = —m5r (2o P@W o)) (2.16)
rzeX
o /Qp [8 5 logZP W (y|z) > ] dy, (2.17)
reEX
1 1+5 Y
0,(p) = _ , 2.18
V) =7 <\/27m@”(,6)> (2.18)
(
1, p<0
&(p) =140, 0<p<1 (2.19)
BRI (1) 5> 1,




V(p) = —Eg(p, P), (2.20)

enlp) = 6a(5) (0 (5V/nV (D) + ¥ (1 = VaV (5)) ). (2:21)

2.3 The Search for the DSO CRC Polynomial

In this section, we seek to design good CRC-aided convolutional codes that provide the
lowest possible probability of UE F, ). To this end, for a given convolutional code, we design
CRC polynomials that minimize the union bound on the probability of undetected error F ).

The resulting CRC polynomial is known as the DSO CRC polynomial.

2.3.1 General Theory

For a given convolutional code and a desired CRC degree m, we wish to identify the degree-m

CRC polynomial
pl@)=1+piz+ - +pna2™ "+ 2™ € Fala] (2.22)

that minimizes the probability of UE P, 5. Since the exact probability P, ) has no closed-form
expression that can facilitate a design procedure, we use the union bound as the objective
function that only involves the distance spectrum, Cdfn Ly , C,,, of the lower-rate code C;,
where Cy denotes the number of codewords in C; of Hamming weight d, dinin < d <n. The
distance spectrum of the lower-rate code C; is a function of both the CRC polynomial p(z)

and the higher-rate code Cp,. For any candidate CRC polynomial p(z), the union bound on

P, , is given by

Pas Y 2(2> Sllele) - 2(@)|X = ()

ceC\{e}

= zn: CaQ(AVA), (2.23)

d=d!

min
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where € € C; is the transmitted codeword, x(c) € {—A, A}" is the BPSK-modulated point
for codeword ¢, Z ~ N (0, 1), and

Q(z) & /00 \/1276_“2/2 du (2.24)

is the complementary Gaussian cumulative distribution function. Q(A\/E) computes the
pairwise error probability of two codewords at distance d. For a given higher-rate code Cp,
a given SNR 7, (i.e., A = /7,), and a CRC degree m, we define the degree-m DSO CRC
polynomial as the one that minimizes the union bound on P, ). Namely, the degree-m DSO
CRC polynomial is the solution to the following optimization problem,

min Zn: CaQ(AVd). (2.25)

p(z) i

min

Theoretically, the distance spectrum Cdin ERE ,C,, of C; can be found through a Viterbi
search of the trellis of the higher-rate code Cp, retaining only codewords whose input se-
quences are divisible by the candidate CRC polynomial p(z). However, this approach re-
quires the calculation of distance spectra for 2! candidate CRC polynomials and quickly
becomes computationally expensive as the information length k gets large. The degree-m
DSO CRC polynomial depends on the specific higher-rate code and the SNR at which (2.23)
is minimized. Note that the DSO CRC polynomial can be different for different values of
k. In [LDW15|, Lou et al. investigated how DSO CRC polynomials vary with information
length k. Their essential finding is that a DSO CRC polynomial for a large k is usually
“good” for shorter k. If the SNR is not sufficiently high, the CRC polynomial that minimizes

the union bound in (2.23) may not minimize the actual P, ).

Nevertheless, when SNR is sufficiently high or equivalently when the target probability
of UE P, is sufficiently low (typically less than 107%), the union bound (2.23) will be
dominated by its first term Cy | Q(A\/dimn> which becomes asymptotically tight to P, .

Furthermore, in most cases at high SNR where the operating A is large enough, the first

l

term in (2.23) is only dominated by d; ;. The following theorem justifies this statement.

21



Theorem 1. For a given higher-rate code Cy, let Cy Cyhand Cy .. C e two

mm 2

distance spectra associated with lower-rate codes genemted by CRC polynomials pi(z) and

pa(), respectively. If diy, , < d. there exists a positive threshold A* such that if A > A*,

min,2

Z CaQ(AVd) > Z C1Q(AVd). (2.26)

d= dmm 1 d= dmm ,2
In the special case where dmm L =d o and Odz > Cl, , the above conclusion still holds.
’ mm 2
Proof. Assume that d.;, | < d., ,. Since coefficients C’dz (' arepositive and bounded,
min,2

. Yica,, , CaQ(AVA) 2.97
A S OQ(AVA) -

min,2

. dl iy EXP < AQdfnm 1) [1 + Ed 1 +1C Zm 1 exp ( A(delmml)ﬂ
= jl—r}olo C’me exp ( ’“‘“) [1 +>0 P C;CI exp < M)] (2.28)
min,2
b e (S ) .
inin,2
= 00.

Hence, there exists a threshold A* such that when A > A*, (2.26) holds. In the special case
= dlyo and Cy > C"  the limit in (2.29) is still greater than 1. Thus,

min, mm 2

[
where d;, |

the same conclusion follows. O

For sufficiently low target P. ), the operating amplitude A is typically large enough such
that A > A* is easily met in practice. In these common situations, the DSO CRC design

principle reduces to maximizing the minimum distance d'  of the lower-rate code.

As an illustrative example, Fig. 2.2 shows the union bounds (2.23) for three degree-5 CRC
polynomials among the 16 candidates for k£ = 10 and ZTCC (13,17). The CRC polynomial
0x37 minimizes the union bound at low SNR, whereas the CRC polynomial 0x2D minimizes

the union bound at high SNR. On the contrary, the CRC polynomial 0x33 yields the worst
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possible union bound among all candidates. A detailed computation reveals that d' . = 11,

min

Cy = 17 for 0x37, d' ., = 12, Cy = 76 for 0x2D. Thus, the DSO CRC polynomial

min min
may not necessarily have the best minimum distance. The worst CRC polynomial 0x33 has

dl

i = S Cdﬁn = 10. In this example, the threshold at which the DSO CRC polynomial
switches from 0x37 to 0x2D is —0.2398 dB. However, the gap between the performance of
the two CRC polynomials is minimal, especially at low SNR. Nevertheless, both 0x37 and
0x2D achieve a gain of 0.5 dB compared to 0x33 at 10~2, showing that the optimal CRC
polynomial is crucial to achieving good performance.

For a given convolutional code and a specified CRC degree m, one may ask: how large

l

can d! Lin 1 terms of the distance

min

be? The next theorem gives a tight upper bound on d

spectrum of the higher-rate code Cp,.

Theorem 2. Given a specified CRC degree m and a higher-rate code Cj, with distance spec-
trum Bgn ,...,B,, define w* as the minimum w for which Yy ., By > 2™. For any
degree-m CRC polynomial, we have d' ;, < 2w*.

Proof. Define the set V(¢) to be the set of codewords from the higher-rate code Cj that
unambiguously decode to codeword c of the lower-rate code C;. Specifically, for each ¢ € C,

define
Vie)2{r €C,:du(r,c) <du(r,c), ¥ €\ {c}}. (2.30)

Hence, by linearity of the higher-rate code Cj, the cardinality of V(e) for every ¢ € C; is

exactly the same. Hence,

[V(e)| < Gl _ 2m, (2.31)
G|

where (2.31) is an inequality because some codewords r € Cj, may be equidistant from two

or more lower-rate codewords.
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[N Pox € [0.083,0.089)
1S € [-0.5,-0.45]
\

\

\
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\

\

Probability of UE
=

—07.5 0 0.5 1 1.5 2
SNR 7, (dB)

Figure 2.2: Comparison of the DSO CRC polynomials for £ = 10, m = 5, and ZTCC (13, 17).
The blocklength of the CRC-ZTCC n = 36. The threshold value is —0.2398 dB.

Next, we show that for a given ¢ € C;, dy(r,c¢) < 3d.,;, implies that » € V(e).
By definition of the minimum distance, for two arbitrary distinct codewords e, € C,

dy(c,c) > d. . . Hence, for any r € C;, by triangle inequality,

di(r,c) +dy(r,c) > dg(e, &) > d . (2.32)

Thus, if dy(r,c) < id.,,, this implies that dy(r,¢') > 3d.,, for any other ¢ € C, ie.,

min?’ min

dy(r,c) < dy(r,c) for all ¢ € C;\ {c}. By definition of V(¢), we conclude that r € V (¢).

Indeed, when Y5 . By >

min

By law of contraposition, if » ¢ V(c), then dy(r, ¢) > 3d.

2™ (Le., Yy oBa > 2™+ 1), by pigeonhole principle, there exists a codeword r € Cj, that

is outside of V(c) and whose distance from ¢ satisfies dy(r,c) < w. Therefore, for this

l

L., or equivalently, d! . < 2dg(r,c) < 2w. Since this holds

codeword r, w > dg(r,c) > %d -
for any w satisfying > 5 » By > 2™, the minimum such value w* yields the tightest upper

bound. 0
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Table 2.1: Comparison Between d’ . Associated With the DSO CRC Polynomial and 2w*

min

Computed From Theorem 2 for k£ = 64

ZTCC (13,17) TBCC (13,17)
m p(x) ‘ dinin ‘ 2w* p(x) ‘ dlmin ‘ 2w”
0 | Ox1 6 12 Ox1 6 12
3 | 0x9 10 12 OxF 8 12
4 | 0x1B 10 12 0x1F 9 12
5 0x2D 12 12 0x2D 10 12
6 | 0x43 12 12 0x63 12 12
7 | 0xBb5 13 14 0xED 12 14
8 | 0x107 14 14 0x107 12 14
9 | 0x313 14 16 0x349 14 16
10 | 0x50B 15 18 0x49D 14 18

Table 2.1 shows the comparison between d’ . and the upper bound 2w* in Theorem 2
for both ZTCC and TBCC generated with the rate-1/2 convolutional encoder (13,17) at
k = 64. We see that the upper bound is sharp as there exist DSO CRC polynomials that

achieve this bound.

2.3.2 A Two-Phase DSO CRC Design Algorithm for TBCCs

We focus on finding the DSO CRC polynomial for low target P, ). As discussed earlier,
the design principle under this circumstance conveniently reduces to maximizing d' , of the

lower-rate code. Thus, the optimal CRC polynomial depends on the convolutional code but

not the SNR.

In principle, the DSO CRC design algorithm for low target P., comprises a collection
phase that gathers error events of the higher-rate code C;, up to a certain distance ci, and
a search phase that identifies the degree-m DSO CRC polynomial using the error events
gathered in the collection phase. In this section, we propose a two-phase DSO CRC design

algorithm particularized to TBCCs of arbitrary rate (including rate 1/w). Later, we point
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out that our algorithm is also applicable to ZTCCs of arbitrary rate with a few distinctions.

The difficulty of designing DSO CRC polynomials for a TB trellis lies in the fact that
a TB trellis is a union of 2” subtrellises that share trellis branches in the middle. Thus,
to collect error events that meet the TB condition, a straightforward collection method is
to perform Viterbi search separately at each possible start state to identify the irreducible
error event (IEE) that leaves the start state once and rejoins it once, and then use them to
reconstruct length-N TB paths with distance less than d. These IEEs constitute the error
events of interest. However, this scheme will be inefficient in that for each nonzero start
state, there exists a catastrophic IEE that spends a majority of time in the self-loop of the
zero state. Such an IEE has the catastrophic property that its length grows unbounded with
a finite weight. As a consequence, they are rarely used during reconstruction yet occupy a

significant portion of total IEEs.

The algorithm we are about to propose follows the straightforward algorithm with the
distinction in collecting IEEs. To circumvent the aforementioned catastrophic IEEs, we wish
to identify IEEs whose weight is proportional to its length. To this end, we first partition
the TB trellis into several sets that are closed under cyclic shifts. Next, all elements in each
set are reconstructed via the concatenation of the corresponding IEEs and circular shifts of

the resulting path.

For a given length-N TB trellis associated with a minimal convolutional encoder g(z),
let Vo ={0,1,...,2” — 1} be the set of possible encoder states. We seck a partition of the
TB trellis, i.e., mutually exclusive sets that, together, contain all length-N TB paths. To do
this, we define TBP(0) as the set that contains all TB paths that traverse state 0; TBP(1)
contains the TB paths that traverse state 1 but not state 0; and so on. In general, the set

TBP(o) for o € V; is defined as follows,

TBP(0) £ {(s,a) € Vg™ x AV 150 = sp;

Jielst si=o;Viel, s;¢{0,1,...,0—1}}.  (2.33)
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An important property of the above decomposition is that each set TBP(c) is closed
under cyclic shifts, as circularly shifting a TB path preserves the sequence of states that it

traverses. Furthermore, such a partition of the TB trellis motivates the following IEE.

Definition 2 (Irreducible error events). For a TB trellis T on sequential time axis T =

{0,1,..., N}, the set of irreducible error events (s,a) at state o € Vj is defined as
IEE(c) £ | ) IEE(o, ), (2.34)
where
IEE(0,l) £ {(s,a) e Vi x A 1 s =5, =0;Vj,0<j <, s; ¢{0,1,...,0}}. (2.35)

For ZTCCs, Lou et al. [LDW15| considered finding IEEs that start and end at the zero
state and counting the allowed combinations. Hence, the IEE defined above generalizes
Lou et al.’s IEEs. Since for a nonzero start state, no IEE can traverse the zero state, this
guarantees that the weight of the IEE grows proportionally with its length, thus avoiding

the catastrophic IEEs incurred in the straightforward algorithm.

With the set TBP (o) defined as above, the following theorem describes how to efficiently

find all elements in each TBP (o) via the corresponding IEEs.

Theorem 3. Every TB path (s,a) € TBP(0) can be constructed from the IEEs in IEE(0)

via concatenation and subsequent cyclic shifts.

Proof. Let us consider T" as a TB trellis defined on a sequential time axis Z = {0,1,..., N}.
For any TB path (s,a) € TBP(0) of length N on T', we can first circularly shift it to the
TB path (s©,a©) € TBP(¢) on T satisfying s\’ = s\ = ¢.

Now, we examine (s, a®). If (s(0,a(®) is already an element of IEE(c), then there
is nothing to prove. Otherwise, there exists a time index j, 0 < j < N, such that s; = 0.

In this case, we break the TB path (s(©,a(?) at time j into two subpaths (s, a")) and
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(5, a?), where

sW =(s0,51,...,8;), aV = (ag,ay,...,a;_1),

s =(8;,8j41,--++5N), al? = (aj, ajy1,- - an—1).

Note that after segmentation of (s(?, a(®), the resultant two subpaths, (s, a™) and
(5, a®?), still meet the TB condition. Repeat the above procedure on (s, a™) and
s'“ a‘?). dSince the length of a new subpath 1s strict ecreasing after each segmentation,
2 a®). Si he length of bpath i ictly d ing af h seg '
the boundary case is the atomic subpath (s, a) of some length j* satisfying so = s;. = o,
sy # o0, Vj" € (0,7%). Clearly, this atomic path is an element of IEE(c). Thus, we success-
fully decompose a length-N TB path into elements of IEE(c). Hence, reversing the above

procedures will assemble elements of IEE(o) into a length-N TB path. ]

Algorithm 1 The Collection Procedure
Input: The TB trellis 7', threshold d

Output: The list of IEEs Ligg(d) = {(s,a,v)}

1: Initialize empty lists £, for all o € Vj;
2: for o+ 0,1,...,|Vo| —1do

3: Perform Viterbi search at o on T to collect list £, (d) of all IEEs of distance less than

d;

4: end for

5: return Lige(d) < U, ey, L,(d);
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Algorithm 2 The Search Procedure
Input: The trellis length N, degree m, list of IEEs Ligg(d)
Output: The degree-m DSO CRC polynomial p(z)
1: Initialize the list Lore of 2™~ CRC candidates and empty lists Lrgp(d) of TBPs, d =

1,...,d—1;

2: ford+ 1,2...,d—1do

3: Construct all TBPs (s, a,v) from Ligg(d) s.t. wy(a) = d, |[v| = N, via concatenation
and cyclic shifts; for each TBP, Lrpp(d) < Lrpp(d) U {(s,a,v)};

4: end for

5: Candi(1) + Lcre;

6: ford<« 1,...,d—1do
7 for p;(z) € Candi(d) do

8: Pass all v(z) € Ltgp(d) to pi(z);

9: C® <~ the number of divisible v(x) of dist. d;
10: end for

11:  C* + minjecandi) C7;

12: Candi(d + 1) + {pi(z) € Candi(d) : C® = C*};
13: if | Candi(d + 1)| = 1 then

14: return Candi(d + 1);
15: end if
16: end for

We now present our two-phase DSO CRC polynomial design algorithm for TBCCs of
arbitrary rate (including rate 1/w) at low target P,  that consists of the collection procedure
described in Algorithm 1 and the search procedure described in Algorithm 2. In the collection
procedure, (s, a,v) denotes the triple of states s, outputs a, and inputs v, where the inputs
v are uniquely determined by state transitions s; — s;41, 71 =0,1,..., N —1. The TB trellis

considered in the collection procedure should set a sufficiently large trellis length so that all
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IEEs with distance less than d are identified. Once the collection procedure is completed,
one can reuse the collected TEEs in the search procedure for various trellis lengths. For a
given higher-rate code C;, and a specified CRC degree m, by Theorem 2, it suffices to consider
distance threshold d < 2w* 4 1 to identify the degree-m DSO CRC polynomial, where w* is

the minimum weight determined in Theorem 2.

In the search procedure, let |v| denote the length of v. Steps from lines 2 to 4 use the
IEEs to build all length-N trellis paths with distance less than d. In practice, this can be
accomplished with dynamic programming. Specifically, for a given state o € Vj, let L, (w, )
denote the list of TB paths of weight w, of length [, and with initial state o, 0 < w < d,
1 <1< N. Then, the update rule of £, (w,!) is as follows: given an IEE (s, a,v) € IEE(0)

with wy(a) < w and |v| <,
Lo(w,l)  Lo(w, 1) U{L;(w —wg(a),l —|v|) D (s,a,v)},

where L, (w,1) ® (s, a,v) denotes appending (s, @, v) to the rear of each element in £, (w, ).
The update rule inherently requires that w, [ be enumerated in ascending order and wy (a), |v|

in descending order. Finally, the set of length-N TB paths of distance less than d via direct

concatenation are given by [ J L,(d—1,N). The rest of the TB paths are obtained by

o€eVy o

circularly shifting elements in (J,cy, L,(d—1,N).
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Table 2.2: Optimum Rate-1/2 ZTCCs and Their DSO CRC Polynomials for £ = 64 at
Sufficiently Low Probability of UE P, )

DSO CRC Polynomials

v | ZICCg(@) | s 4 5 6 7 8 9 10

3 (13,17) 9 1B 2D 43 B5 107 313 50B
4 (27,31) F 15 33 4F D3 13F 2AD 709
5 (53,75) 9 11 25 49 EF 131 23F 73D
6 (133,171) F 1B 23 41 &8F 113 2EF 629
7 | (247,371) 9 13 3F 5B E9 17F 2A5 61D
8 (561, 753) F 11 33 49 8B 19D 27B 4CF
9 (1131, 1537) D 15 21 51 B7 1D5 20F 50D
10 (2473, 3217) F 13 3D 5B BB 105 20D 6BB

Table 2.3: Optimum Rate-1/2 TBCCs and Their DSO CRC Polynomials for £ = 64 at
Sufficiently Low Probability of UE F, )

DSO CRC Polynomials

v | TBCCg(@) | 5 4 5 ¢ 7 8 9 10

3 (13,17) F 1IF 2D 63 ED 107 349 49D
4 (27,31) F 11 33 4F B5 1AB 265 4D1
5 (53,75) 9 11 3F 63 BD 16D 349 41B
6 | (133,171) F 1B 3D 7F FF 145 2BD 571
7| (247,371) F 11 33 63 EF 145 3A1 5D7
8 | (561,753) F 11 33 7F FF 1AB 301 4F5
9 | (1131,1537) D 15 33 51 C5 1IFF 349 583
10 | (2473,3217) F 1B 33 79 BB 199 217 4DD

We remark that our algorithm can be generalized to ZTCCs of arbitrary rate by carrying
out the following distinctions: the collection procedure only collects IEEs that start and
terminate at the zero state; the search procedure only performs dynamic programming to re-
construct all ZT paths with the target trellis length N and distances less than cz; termination
tails of each ZT path should be removed before CRC verification. For interested readers, the
DSO CRC design MATLAB routines are available for ZTCCs [Yanb] and for TBCCs [Yana).
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Table 2.2 presents the DSO CRC polynomials of degree m from 3 to 10 that maximize
d’ . of CRC-ZTCCs based on a family of optimum rate-1/2 convolutional encoders in [LC04,
Table 12.1(c)] with constraint length v from 3 to 10 for k£ = 64. These DSO CRC polynomials
are designed for a sufficiently low P, . Table 2.3 presents the TBCC counterpart in the same
setting. The code generated by the DSO CRC polynomial and convolutional encoder in the
above tables is our designed CRC-aided convolutional code. In Section 2.5, we will present

the performance and complexity trade-off of these codes.

2.4 Performance and Complexity of SLVD

This section explores the performance and complexity of SLVD. For a specified CRC-aided
convolutional code, performance under SLVD is characterized by three probabilities: P, v,
P.y, and Pyackw. The average decoding complexity of SLVD is a function of expected
list rank E[L]. In order to understand the performance-complexity trade-off, we investigate
how these quantities vary with system parameters including the SNR v, and the constrained

maximum list size U.

Geometrically speaking, the process of SLVD is to draw a list decoding sphere around
the received sequence y with an increasing radius until the sphere touches the closest lower-
rate codeword. To formalize this procedure, let us consider the set of received sequences
y € R*\ N where A is the probability-zero set defined by N' £ {y € R" : e, ¢, €
Cnst. |ly—x(c))] = ||y — z(ey)||}. For every y € R*\ N, let

c1(y), c2(y); -, ¢, (y) (2.36)

be an enumeration of C;, such that
ly —z(cr(y)l| < lly —z(ex(y))ll <--- <lly —2(cie, ) ()]-
Using the above enumeration, we formally define the terminating list rank L(y) and the
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terminating Euclidean distance d;(y) for y as follows:

L(y) £ min{s € {1,2,...,|Ch|} : cs(y) € C;}, (2.37)
4(y) £ min |y~ w(e)]. (2.35)

Thus, the list decoding sphere of y can be expressed as
Bsivp(y) ={c € Ch: [y —z(c)|| < di(y)}- (2.39)

Clearly, L(y) = |Bstvp(v)]-

The concepts above are defined for each individual received point y € R™ \ N. Alter-
natively, we can also consider the decoding region )(¢) (i.e., the Voronoi region) of each

lower-rate codeword ¢ € C;:
Y(e) Hy eR"\N : [ly —z(c)|| < ly — z()||, Ve € &\ {c}}. (2.40)

For SLVD, the decoding region )(¢) can be further decomposed into finer subsets according

to the list rank. Namely, for each ¢ € C; and a particular list rank s € {1,2,...,|Cy|—|C;|+1},

et e A

and [y — @(e)]| < ly — () }. (2:41)

min
cé¢Cp\{c,c1,...,cs—1}
Here, each Z,(c) is referred to as the order-s decoding region of ¢. Obviously, for each ¢ € Cj,

we have
Zo(c)NZs,(c) =2, if 51 # 59 (2.42)

o= U 2 (2.43)

s=1,2,...,[Ch|—[Ci|+1
By linearity of the code, the order-s decoding regions of all lower-rate codewords are iso-
morphic. With BPSK modulation, the bisection hyperplane of any two codewords passes
through the origin of R™, making each order-s decoding region a polyhedron. Note that

there exists a supremum list rank \
A2 max{s € Z' : Z,(c) # @,Vec € C;}. (2.44)
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Here, the supremum list rank A only depends on C; and C;, and is independent of . Hence,
if U > )\, the possible outcomes of SLVD only include correct decoding and UE. Namely,
NACKSs are not possible.

2.4.1 Performance Analysis

We first give our results on how P, g, Pe v, and Pyack,w vary with ¥ for a fixed SNR. Each
of these probabilities may be understood as the probability of an event defined as a set of

received sequences y. For example, with ¢ € C; as the transmitted codeword, by linearity,

we have
Py=2 ( U 20X = w(é)) => P(Z.(e)|X =x(0)), (2.45)
Py= > & ( U z(o|x= w(é)) => > 2(2.(0|X =x(¢), (246)
ceC\{¢} s=1,2,.. . ANT s=1 eeC)\{c}

where A A U £ min{\, U}.

Theorem 4. For a given CRC-aided convolutional code decoded with SLVD at a fized SNR,
P.y and P,y are both strictly increasing in U and will converge to P\ and P, ) respectively,

where Py + Py = 1.

Proof. According to (4.41) and (4.42), P.y and P, y are summations of the order-s decoding
regions Z(Z(c)|X = x(c¢)), thus are non-decreasing in W. For each ¢ € C; and s =
1,2,...,\, Z(Z4(c)|X = x(¢)) is solely determined by the SNR value and is independent
of U. Since every order-s decoding region Z,(c) is the intersection of halfplanes, it follows
that each Z,(c¢) is an open set. Hence, to show the strict increasing property, it suffices to
show that each Z,(e) is nonempty. To this end, we use induction to show that all Z,(c¢),

s=1,2,...,\, are open and nonempty.

By definition, Z,(c) is nonempty. Assume Z;(c) is nonempty for some 2 < s < A, we

need to show that Z; ;(c) is also nonempty. By assumption, there exists y € Z,(c) with
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€1,C,...,Cs_1,C € Bsyp(y), where ¢p,...,¢s.1 € C, \ C; and ¢ € C;. Next, we show that
with probability 1, a point ¢y’ can be constructed from y such that there exists a single

Jj € {1,2,...,s — 1} such that x(c;) and x(c) are respectively the furthest and second

furthest points from vy’. This implies that ¥y’ € Z,_4(c).

We construct the new point y" as y’' = y + t(x(c) — y), where ¢t € [0, 1]. Hence,
lz(c) =yl = (1= D)lly — z(c)]. (2.47)

Therefore, it is equivalent to showing that there exists ¢ € (0,1) such that for some j €

{1,2,...,5s =1},

Iy —z(c))ll > (1 = D)lly — (e, (2.48)

max "—x(e)|| < (1 -t —x(c)|. 2.49
i€{l,..., 371}\{j}Hy (el < ( )Ny (o ( )

To this end, we show that the set of y for which no such ¢ exists has a probability of zero.

First, consider function

F(t) £ max |y —=z(c)ll - (1 -ty — =)l

i=1,2,...,5—1
Since each ||y —z(¢)|, i = 1,2,...,s — 1, is a continuous function in ¢, F(t) is also a

continuous function in ¢ € [0, 1]. Note that

FO) = _max g —a(e)] ~ ly - o(c)] <0, (250)
F(1) = _max |lz(c) — x(ci)|| > 0. (2.51)

By the intermediate value theorem, there exists a t* € (0,1) such that

_max |y~ z(e)] = (- 1)y — ()] (252)

Hence, the converse case can only occur if there exist two codewords ¢;, and c¢j,, ji1 # Ja,

such that
1y —z(c;)| = 1y —z(ep)l| = (1 =)y — z(c)]]- (2.53)
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Namely, the converse case only occurs if there exist two distinct points in Bspyp(y) that are
equally furthest from vy’'. If (3.78) holds, this implies that ¢’ lies on the intersection of two
hyperplanes: one that bisects x(c;,)x(c) and the other that bisects x(cj,)x(c). Namely,
y' lies on an (n — 2)-dimensional hyperplane that crosses the origin. Hence, such y’ only
occurs if line segment yx(c) intersects with any of these (n — 2)-dimensional hyperplanes.
Therefore, the set of y for which the converse case occurs is the union of finitely many
(n — 1)-dimensional hyperplanes, and thus has zero probability. Hence, we can construct
a vy from y € Z,(c) such that y' € Z,_1(c) with probability 1. Namely, Z,_;(c) is also
nonempty.

By induction, every order-s decoding region Z,(¢), s = 1,2,..., A, is open and nonempty.
Thus, P,y and P,y are both strictly increasing in ¥ and will converge to P, and P, ,,

respectively, provided that ¥ > . O

As an example, Fig. 2.3 shows the probability of UE P,y and probability of NACK
Pnack,w vs. the constrained maximum list size W for k£ = 64, degree-6 DSO CRC polynomial
0x43 and ZTCC (13,17). It can be seen that P,y quickly increases and converges to P, »

when W is relatively small.

The monotone property of P, ¢ with ¥ in Theorem 4 indicates that for a fixed SNR value,
Pe,l < Pe,‘l/ < Pe,)\a V¥ € Z+- (254)

The proof of Theorem 4 also implies that the closure of the order-A decoding region must

intersect with the boundary of )(¢), ¢ € C;. We formalize this notion in Theorem 5.

Theorem 5. For any lower-rate codeword ¢ € C;, cl(Z,(c)) N 0Y(c) # 2.

Proof. Fix a lower-rate codeword ¢ € C;. Let y € Z,(c). Consider vy = y + t(y — z(c)),
t > 0. By the proof in Theorem 4, if y’' € Y(¢), L(y’) > L(y) = A. Since A is the supremum
list rank, L(y') = A for all 0 < ¢t < t*, where t* is the threshold at which y’ € 0)Y(¢). This
implies that cl(Z)(c)) N 0Y(c) # 2. O
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Figure 2.3: 1 — P.w, Pvackw, Pejw vs. the constraint maximum list size ¥ at SNR v, = 3

dB for ZTCC (13,17), degree-6 DSO CRC polynomial 0x43, and k = 64 in Table 2.2. The

black, dashed line represents P, .

Theorem 5 indicates that one can find A by following along the boundary of Y(¢) and
making a slight deviation towards the decoding region )(c¢). This approach is computation-
ally challenging in R™ for interesting values of n. While |Cy| — |C;| 4+ 1 is a straightforward
upper bound on J, it remains an open problem to identify a tighter bound on A and to
develop an efficient algorithm to compute .

We next direct our attention to quantifying P, 1, P, ) in terms of the SNR (or equivalently
in terms of amplitude A) and the distance spectra of both the lower-rate code C; and the

higher-rate code Cy,.

Theorem 6. Under SLVD of a CRC-aided convolutional code with higher-rate distance spec-
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trum Bdf;mv ..., By and lower-rate distance spectrum Cdfnin’ O,

P.; < min {2—m, i CdQ(A\/&)} (2.55)

_—Jl
d_dmin

A min {Q_m, Cdian( dinin> }, (2.56)

P., < min {1, i CdQ(A\/Zz)} (2.57)

Al
d_dmin

d
R~ min{l, Z C’dQ(A\/a)}, (2.58)

d=d!

min

d

Pyack. ~ min {1 —2 S BiQ(AVA) — Cy inQ(A dfmin) } (2.59)
d:dglin

where the second approximation in braces in (2.56) is called the nearest neighbor approxima-
tion, and the second approzimation in (2.58) is called the truncated union bound (TUB) at

distance d € 7.

Proof. First, note that P, g is a monotonically decreasing function of A for any ¥. This can
be seen from (4.42) where as A increases, the center of the Gaussian density is moving away
from every x(c) for ¢ € C;\ {¢}. Hence, the corresponding probability Z(Z,(c)| X = x(¢))

decreases with A, causing P, ¢ to decrease with A.

Now we focus on the W = 1 case. The previous paragraph reveals that P.; has its
maximum value at A = 0. As A — 0, the transmitted point converges to the origin O in
R™. At the limit where x(¢) = O, the symmetry of the Gaussian density and linearity of

the code ensures that each order-1 decoding region has a probability of 2~*+™)  Hence,

Poi= Y 2P(Z(0)|X = () (2.60)
ceC\{c}
<lm ) P(2(0)|X = z(0)) (2.61)
ceC\{¢}
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- Y 2(z(0)X =0)) (2.62)

ceC\{c}

= (28 — 1)2=(tm) < 97, (2.63)

For any SNR value, P,.; < P, ) so that the union bound (2.23) is also an upper bound for
P, ;. Hence, the minimum between the two is an upper bound on P, ;. As SNR increases, the
majority of probability will concentrate on the nearest neighbors of €, hence, we approximate

P, ; only using the nearest neighbors.

For P, \, we upper bound it by the union bound (2.23). For ease of computation, we can

consider the TUB up to a sufficient distance d to approximate the original union bound.

For Pyack 1, in the extremely low SNR regime (i.e., when A is close to 0), P.; ~ 2~ (k+m)

and P.; ~27™(1 —27%). Tt follows that
Pyack1 =1—PFPo1 —P.a~=1-2"". (2.64)

For an arbitrary SNR, invoking the union bound on Pyack1 + Pe1 yields

n d
Pnacka + Peq < Z BdQ(A\/C_Z) ~ Z BdQ(A\/E).

d:dﬁ)in d:d?nin
Hence,
d
Pusoii = 3 BaQ(AVA) - Cu Q(Ay/dy,). (2.65)
d:dr}ilin
This concludes the proof of Theorem 6. n

Fig. 2.4 shows simulation results and approximations for the three probabilities stated
in Theorem 6: Pyack1, Pe1, and P. 5. As SNR increases, all three approximations become
asymptotically tight to the respective P, 1, Pnvack,1, and P, y. The nearest neighbor approx-
imation will eventually become asymptotically tight for P, ), but is a tight approximation

for P.; at a much lower SNR.
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Figure 2.4: Pyack1, Pey, and P.; vs. SNR 7, for ZTCC (13,17), degree-6 DSO CRC
polynomial 0x43 and k& = 64 in Table 2.2. The TUBs in (2.58) and (2.59) are obtained at

d = 24. The TS bound on Pyack, is plotted using [YKO4a, Eq. (14)].

We remark that improved upper bounds on Pyack,1 and P,y can be derived using Gal-
lager’s first bounding technique |Gal63|, provided that the full distance spectra of C; and
C; are known, respectively. Some classical examples include the tangential bound [Ber80],
the tangential sphere (TS) bound [Pol94,YK04a|, and the added-hyperplane bound [YKO04b].
These bounds provide a tight estimation at high noise levels and converge to the union bound
at low noise levels. As an example, in Fig. 2.4, we plot the minimum between (1 —27) and
the TS bound for Pyack: following [YKO4a, Eq. (14)]. It can be seen that the TS bound
quickly converges to the TUB as SNR increases. Since this chapter mainly focuses on low

target error probability, we only consider the TUB for estimating Pyack1 and P y.
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Figure 2.5: An illustration of the projection method.

2.4.2 Analysis of the Expected List Rank

For a fixed transmitted point @, observe that Z(L = s|X = &) = }_ . Z(Zs(c)| X = )
is independent of U. Combining with the linearity E[L] = E[L| X = &, it follows that E[L]
is a strictly increasing function in W. In the following analysis, we assume that ¥ > X unless

otherwise specified. Thus, the terminating list rank L ranges from 1 to .

Theorem 7. For a given CRC-aided convolutional code decoded with SLVD, lim., _,oE[L] =
E[L|X = O].

Proof. We use the projection method to show the convergence of E[L] in the low SNR regime.

For ease of discussion, let B(a, ) denote the spherical surface of center a and radius r in
R", where a € R", r > 0. With BPSK modulation, all codewords sit on the codeword sphere
B(O, Ay/n), whereas the received point y lies on the noise sphere B(x,w) for some noise
vector with Euclidean norm w added to the transmitted point ®. The projection method
projects the received point y onto the codeword sphere. Namely, the projected point y, of y
is given by y, = (Av/n/||y||)y. Fig. 2.5 illustrates the geometry of the projection method.

The significance of the projection method introduced above lies in the fact that it pre-
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serves the order of list decoded codewords. By law of cosines at angle 6 in Fig. 2.5, we

obtain

\/—||y_g_c2_||y_y”||2 if y, in between O, y

1+My—ypH )

v (2.66)

ly, — || = —5 2
\/w, otherwise.

17Hy—ypH
Avn

Hence, the monotone relation between |y, — || and ||y — &|| ensures that performing SLVD
over y is equivalent to that over y,. The essential motivation of projecting points onto the

codeword sphere is to transfer the computation from the noise sphere to the codeword sphere.

To see how the projection method helps to show the convergence of E[L], we first decom-

pose the expected list rank E[L] according to the noise vector norm W = w. By linearity of

the code,
E[L] = E[L|X = %] = / Fur (WE[L|W = w, X = %] dw, (2.67)
0
where fi(w) denotes the density function of norm W = w. To find fi (w), let
1 2
Pn(w) = ———e"" /2, (2.68)
(V2m)"
23 1

(2.69)

2

Sn-1(w) = —=w""",
I'(3)
be the n-dimensional standard normal density function and the spherical area of B(&,w) in

R", respectively. Then,

w
fw (W) = ¢p(w)Sp1(w) = —mg—e "2 (2.70)
272 I(3)
For a given norm W = w, it follows that
1
E[LIW =w, X =] = —/ L(y)do, (2.71)
Sn—l(w) yeB(z,w)\N

where o denotes the spherical measure on B(Z,w). Using the projection method, the integral
in (2.71) can be transferred to the codeword sphere at the cost of introducing an induced

density function g,(y,). Namely,

E[LIW = w, X = @] / L(yy)g0(y,) do. (2.72)
Yp€B(0,A/n)\N
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In the Appendix, the induced density function, for w > A+/n, is given by

(v 1 1
gw(yp>_( w ) cos Z&Y(y,)0 S, —1(Av/n)’ (273)

where y(y,) is the preimage of y, on the noise sphere B(Z, w). Note that g, (y,) is rotation-

ally symmetric with respect to axis OZ. The Appendix also shows that
1 Ayn\"!
w > , 2.74
wl) > 5 (1- 267 2.7

1 Ayn\"!
gw(yp)S—SM(A\/ﬁ) (1+ " ) : (2.75)

This implies that for a fixed norm w,

. 9w (Yp)
1 =1. 2.76
A5 (S (Aym) (276)
Hence, for a fixed norm w, it follows that
lim E|L|W =w, X = x| = lim L(y,)gw(y,) do 2.77
lim E[1] RSy R ZCATR TS (277
= lim L(yy)o— (2.78)
A0 Jy epo,aymw . Sn1(Ay/n)
= lim E[L|W = Ay/n, X = O] (2.79)
A—0
=E[L|X = O], (2.80)

where we have used the fact that E[L|W = w, X = O] = E[L|X = O] for all w > 0.

Similarly, we can also show that, for a fixed amplitude A,

lim E[L|W = w, X = & = E[L| X = O]. (2.81)

w—r00

As a consequence,

lim E[L] = lim fW E[LIW =w, X = &]dw

v¥s—0 A—0

f(w) lim E[L|W =w, X =|dw
0

/f E[L|X — O] dw
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=E[L|X = O]. (2.82)
This completes the proof. O

In general, E[L| X = O] depends on the geometric structure of the lower-rate code C; and
the higher-rate code Cj, on B(O, Ay/n), and it is not easy to obtain an analytic expression.
Still, using a simple random coding argument, we show that a good concatenated code could

achieve E[L| X = O] < 2™.

Theorem 8. For a given higher-rate code Cj, with |C,| = 257 let A £ {C' C Cy : |C'| = 2F}.
Let 2(C") = ﬁ be the uniform distribution defined over A;. Assume C' is drawn according

to Z(C"). Then,
Ec [E[L|X = O,C']] <2™ (2.83)

Thus, there exists a lower-rate code C' (which may not be a linear code) such that E[L| X =

0,C < 2m.

Proof. Let L(y,C’) be the terminating list rank for received point y € R"™ when the lower-
rate code C' € A; is selected. During the SLVD over y using code C’, if there exist two
codewords ¢;, and c;, that are equidistant from y, we assume that the decoder adopts a

predetermined order relation between ¢;, and ¢;,. Hence, we obtain

Ee [E[L|X = 0,C] 2(C) / L(y.C') do

o [E[L] C;z nlA\/_) yeBOAf)( )
v,

2 L(y,C") do
S-1(Ayn) yeBOAf)C; €y, C)

v,

Ee/[L(y,C')|y] do. 2.84

S (A Jyesionm o[L(y,C)|y] (2.84)

Next, we show that for any y € B(O, Ay/n),
Ee/[L(y,C)[y] < 2™ (2.85)
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for C' uniformly drawn from A;. Fix a y € B(O, Ay/n) and let ¢;(y), c2(y), - - ., ¢c, (y) be

an enumeration of C;, such that

ly —z(ei()l < - < lly — (e, ()]l

Hence, the terminating list rank L(y,C’) of y is given by
L(y,C") =min{s € {1,2,....,|Cy|} : cs(y) € C'}. (2.86)

For C’" uniformly drawn in A;, computing E¢/[L(y,C’)|y] is equivalent to solving the following
problem: there are |C,| balls in a basket, among which |C’| of them are red and the rest are
white. Balls are picked up |Cp,| times without replacement, and the time at which the first
red ball emerges is marked as the terminating list rank. Since every ordering of ball picking
is equiprobable and is bijective with A;, the expected list rank in ball picking problem is
equal to E¢/[L(y,C’)|y]. Hence,

[Chl—IC"|+1 (\ChI—S)

|1
Eo[L(y,C)lyl= Y s '(|C'h|) (2.87)
s=1 I’

ICh| +1
= 2.88
' +1 (2:88)

<2,
where (3.116) follows from a variant of the Chu-Vandermonde identity.

Finally, substituting (2.85) into (2.84) proves Theorem 8. O

In (2.67), it is shown that E[L] can be fully characterized by its conditional expectation
E[LIW = w, X = &|. For a given w and A, let Z. = /A be the transmitted point with unit

amplitude per dimension. Then it can be shown that
E[LIW =w, X =z]| =E[L|IW =9, X = z.], (2.89)

where n £ w/A is called the normalized norm. Hence, it suffices to compute E[L|W =

1, X = &.]. The SNR (equivalently, the BPSK amplitude A) only exhibits a scaling effect.
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To evaluate E[L|W =1, X = Z.], let C; £ C;\ {€} and define the conditional probability of

UE conditioned on the sphere B(Z.,n) as
N P2V(W=nX =) (2.90)
ceC”

In general, it is difficult to know the conditional probability of UE P, y(n). Assuming the
knowledge of parametric information P. 5(n), we first show an approximation that represents
E[LIW = n,X = &.] as a linear combination between L = 1 and L = E[L|X = O] with

coeflicient given by P. \(n).

Approximation 3 (Parametric approximation). Define L = E[L|X = O]. For a CRC-

aided convolutional code with corresponding parameters L and P.\(n),
E[L|W =, X = a_"e] ~1- Pe,/\(n) + Pe,/\(n)f/' (291)

Furthermore, averaging over W = n on both sides of (2.91) yields the parametric approzi-

mation of E[L], i.e.,
E[L} ~1-— Pe,)\ + P€7/\Z. (292)

Proof. |Justification| For ease of discussion, we use the shorthand notation 22(-|n,&,) =
P(\W =nX =z.) and Z(-|0) = Z(-|X = O). Let us consider n for which P, y(n) > 0.

Hence,

E[LIW =5, X = &,] Z&@ — sln.z.)

A A

= 2(V@)n, @)+ sP(L=sln,z) -y P(Z(c)n &)

s=1 s=1




%1—P —|—P€)\ (

IIMV

= 5|0) > (2.94)
=1- Pe,)\(n) + Pe,/\(n)zv

where (2.94) follows from the substitution below. Consider the conditional list rank distri-

bution

20667 ‘@(Zl( )|77753e) Zce(,’ ‘@< ( )|777¢’Ue)>' (295>

Pn: (Zcecl ‘@( (C)|77753e) Y ZceCf ‘@( <C>|naje)

Using the fact that lim, o g,(y,) = 1/S.-1(v/n), as n — oo, the conditional list rank

distribution P, converges to

(P(200)  P2(2:()|0)
P = ( 200)0)" " P(e)0) ) (2.9
(S 2E(DI0) e, Z(20(€)O)
S POEN0) S PV(0)
— (P(L=1|0),..., P(L = \O)), (2.97)

where ¢ is any lower-rate codeword in (2.96). Hence, we directly replace P, with the limit
distribution P, in (3.121). Finally, averaging over W = 7 on both sides of (2.91) yields
(2.92). O

47



—e— k = 128, Simulation :
—-—-k =128, Para. Approx.
—s— k = 64, Simulation
—-—-k = 64, Para. Approx. ||
—s— k = 32, Simulation
—-—-k = 32, Para. Approx. ||

k = 16, Simulation

k = 16, Para. Approx.

15 20 25 30
Normalized norm n

Figure 2.6: The conditional expected list rank E[L|W = n, X = &.] vs. the normalized
norm 7 for the CRC-ZTCC generated with the degree-3 DSO CRC polynomial 0x9 and
ZTCC (13,17).

Fig. 2.6 shows the simulation results of the conditional expected list rank E[L|WW =
n, X = &.] vs. the normalized norm 7 for CRC-ZTCCs with various information lengths.
The corresponding parametric approximation is also provided, where L = E[L|X = O] is
obtained from simulation. We see that the parametric approximation exhibits a remarkable
accuracy that improves as k increases. Observe that for large values of k, the convergent

E[LIW =n, X = &.] at sufficiently large 7 is close to 2.

Using (2.67) and (2.89), we can produce E[L] as a function of SNR 5. Fig. 2.7 shows E[L]
vs. SNR along with its parametric approximations for ZTCC (13,17) and various DSO CRC
polynomials of degree m = 3,4, ...,6, where L = E[L|X = O] is obtained from simulation.

We see that the parametric approximation on E[L] remains extremely tight.

The parametric approximation provides a practically useful quantitative connection be-

tween performance and complexity. Specifically, for CRC-ZTCCs with a target probabil-
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Figure 2.7: The expected list rank E[L] vs. SNR for various CRC-ZTCCs, where ZTCC is
(13,17) and the DSO CRC polynomials are from Table 2.2 with degree m = 3,4,...,6. The

information length k = 64.

ity of UE P}, and L ~ 2™ for CRC degree m, (2.92) implies that a CRC with degree
m < —log(F;,) is sufficient to maintain E[L] < 2, which ensures that the average com-
plexity for SLVD to achieve P}, is at most one more traceback than the standard Viterbi

decoding.

As an alternative to Approximation 3, we provide a higher-order approximation formula
for a good CRC-aided convolutional code that only requires the knowledge of E[L| X = O].
This alternative approximation is motivated by Shannon’s result [Sha59| that an optimal
(n, M) code places its codewords on the surface of a sphere such that the total solid angle Qg
is evenly divided among the M Voronoi regions, one for each codeword, and that each Voronoi
region is a circular cone. Hence, if the CRC-aided convolutional code is good enough, the
union of order-1 to order-u decoding regions Z(c¢) for a lower-rate codeword ¢ € C; should

resemble circular cones, where p is a parameter to be optimized. From this perspective,
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we propose the onion model for the order-1 to the order-u decoding regions based on the

following assumptions.

1. The union |J;_, Z;(c) of order-1 to order-s decoding regions, 1 < s < pu, is a circular

cone with half-angle a,. This implies that each order-s decoding region, 2 < s < p is

an annulus in between two circular cones.

2. The solid angle Q(a;) of J;_; Zi(e) is equal to 7570, 1 < s < p, where € is the

total solid angle (i.e., the area of a unit sphere in R").

3. The conditional expected list rank beyond | J)_; Z;(€) is equal to L (i.e., E[L| X = O)).

Approximation 4 (Higher-order approximation). For a given CRC-aided convolutional

code, let L = E[L|X = O]. With the onion model assumptions and parameter p € 77,

E[LIW =n, X = &.] is approzimaled by

;

1, ifn<+/nsina

EILIW =n X =z~ s 35 F (), if V/nsina, , <n < /nsina,

z - (E - /’L)Fie(u) - lﬂz_ll Fie(l)a an > \/ﬁsjnaua

where assuming n > \/nsin ay,

F(%) Pt ion—2 Pz ion—2
Fz.(s) = m /0 sin""* 6 do —|—/O sin""*6do |,
™ (\/UZ—RSHIQO(S)

Bs1 = = + o — arcsin
Ui

\

2

T Vn? —nsin?a,
Bs2 = ( ( >) Lin<ymy

— — q, — arcsin
n

2

and ag s the half-angle for which

Q(a8> _ F(%) o on—2 _ S
0 \/%F(nT_l)/O sin 9d9*2k+m‘

20

(2.98)

(2.99)

(2.100)

(2.101)

(2.102)



Justification. The onion model assumptions imply that each higher order decoding region
Z4c), 2 < s < p, is an annulus in between two circular cones. Hence, Z(L = s|WW =
n, X = &.) is simply the spherical area of B(&.,n) cut out by the annulus. To evaluate this

quantity, consider the cumulative probability function of L = s,
Fp(s) & P(L<s5,X =2%.). (2.103)
Thus,
P(L=s\W=nX=z.)=F;z(s)— Fz (s—1). (2.104)
By the onion model assumptions, for n > y/nsina,,

E[LW =n, X = x| ~ i [(Fs.(l) = Fa. (1= 1)) + L(1 — Fa, (1)) (2.105)

= ‘E_ (‘E_/’L)Fiie(/’b) - F(f)e(l) (2106>
=1
In the similar fashion, for \/nsina, 1 <n < y/nsina,, 1 <s < p,

s—1
E[LIW =n,X =&]~s— Y Fs(l). (2.107)

=1
Next, we derive the cumulative probability function Fg, (s). Geometrically, Fz_(s) is the
fraction of the spherical area of B(&.,n) cut out by the circular cone |J;_, Z,(€) with half-
angle o, to the total noise spherical area. Assume that \/nsinas < n < /n. Fig. 2.8
shows the side view of this scenario in R3, in which the blue arc represents the spherical area
contained in (J;_, Z5(€). It can be seen that a, will induce two possible half-angles S, ; and

Bs2. By law of cosines,

8= g + o, — arcsin (”;ﬁ”) (2.108)
T Vn? — nsin? o,
=35 + o, — arcsin , (2.109)
n

o1



Figure 2.8: The geometry of the cumulative probability function Fj_ (s), assuming that
Vnsina, <n < y/n.

where 71, ry are solutions to
r? — (2y/ncosa,)r + (n —n*) = 0. (2.110)

The induced half-angle 8 becomes unique once n > /n.

From [Shab9, Eq. (21)], the solid angle Q(«) of a circular cone with center O and half-

angle « in n-dimensional Euclidean space is given by
n—1

Q(a):27r—2)/0 sin™2 9 do. (2.111)

oz

The total solid angle 2y in n-dimensional Euclidean space is given by
272
r(3)

Thus, using (2.111), (2.112), we can solve a; from assumption 2 of the onion model. Namely,

0 = (2.112)

«, is the solution to
Q) T(3)
Qo ﬁF(%
By geometry in Fig. 2.8, F;_(s) in (2.103) is given by

_ Q(ﬁs,l) + 9(65,2)
= QO

i 20d0 — . 92113
i o 2119

Fy.(s) . (2.114)
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Figure 2.9: The higher-order and parametric approximations of E[L|W = n, X = &.| for

ZTCC (561, 753) used with the degree-10 DSO CRC polynomial 0x4CF at k = 64. Both the

higher-order and parametric approximations assume the knowledge of L = 1017. The back,

dashed line corresponds to 21°.

This concludes the justification of Approximation 4. O

To demonstrate the tightness of Approximation 4 for suffi-ciently good CRC-aided convo-
lutional codes, Fig. 2.9 shows approximations of E[L|W = n, X = &.| for ZTCC (561, 753)

used with the degree-10 DSO CRC polynomial 0x4CF at k£ = 64 with = 3 and 90. This

concatenated code has a minimum distance d’;, = 20 and thus can be deemed good enough.

When p = 3, the third order approximation accurately gives the smaller values of the actual
conditional expected list rank. As p increases, the accuracy of the approximation shifts
towards large values of conditional expected list rank. Fig. 2.10 illustrates approximations

of E[L] vs. SNR via (2.67) and (2.89). The 3rd order and 90th order approximations still

behave in the similar fashion as in Fig. 2.9.
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Figure 2.10: The expected list rank E[L] vs. SNR via (2.67) and (2.89) for ZTCC (561, 753),
degree-10 DSO CRC polynomial 0x4CF at k = 64. The back, dashed line corresponds to
210,

2.4.3 Complexity Analysis

There are a variety of implementations of list decoding of convolutional codes as described in,
e.g., [BMK04,LCC04,RH06, KTK18|. In this chapter, the SLVD implementation maintains a
list of path metric differences by using a red-black tree described in [RH06|, which provides
the fastest runtime we found among the data structures that support full floating-point
precision. The literature mentioned above also analyzed the number of bit operations or
the asymptotic complexity of the algorithms presented, but those complexity metrics are
not directly connected with the actual runtime. To compare the complexity of SLVD of a
CRC-aided convolutional code with that of the standard soft Viterbi (SSV) decoding, we

develop an average complexity expression that closely approximates our empirical runtime.

For our specific implementation, three components comprise the average complexity of
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SLVD, given by

Csivp = Cssv + Chrace + Clist.- (2.115)

The first component Csgy is the complexity required to perform the add-compare-select
(ACS) operation on the trellis of the given convolutional code and perform the initial trace-

back associated with SSV. Specifically, for CRC-ZTCCs, this quantity is given by

Cssy = (2" = 2) + 152" = 2) + 1.5(k +m — v)2 1!

+ca2(k+m+v)+ 1.5(k+m)]. (2.116)
For CRC-TBCCs, this quantity is given by
Cssy = 1.5(k +m)2" ™ + 27 4 3.5¢, (k + m). (2.117)

In order to measure the decoding complexity, define 1 unit of complexity as the complexity
required to perform one addition. In (2.116) and (2.117), we assign 1 unit of complexity to
each addition per branch and 0.5 units of complexity to each compare-select operation per
branch. In the first and second terms of (2.116), (2" — 2) counts the number of edges in
the initial v sections and the final v termination sections of a ZT trellis. In the third term
of (2.116), (k +m — v)2"™! counts the number of edges in the middle (k + m — v) sections
of a ZT trellis. The fourth term in (2.116) approximates the complexity of the traceback
operation, assigning 2 units of complexity for accessing the parent node per trellis stage
and 1.5 units of complexity per codeword symbol for the CRC verification on the decoded
sequence v. In (2.117), the second term stems from that it takes 2 operations to identify

the optimal termination state with the minimum metric before the first traceback.

The second component Cl,.c. represents the complexity of additional traceback operations

required by SLVD. Specifically, for a given CRC-ZTCC,

Curace = c1(E[L] — 1)[2(k +m + v) + L5(k +m)). (2.118)
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For CRC-TBCCs,

Cirace = 3.5¢1(E[L] — 1)(k + m). (2.119)

The third component Cj;s; represents the average complexity of inserting new elements to

maintain an ordered list of path metric differences. For both CRC-ZTCCs and CRC-TBCCs,
Chist = E[I]1og(E[1]), (2.120)

where E[I] is the expected number of insertions to maintain the sorted list of path metric

differences. According to the mechanism of insertion, for CRC-ZTCCs,
E[/] < (k +m)E[L], (2.121)
and for CRC-TBCCs,
E[I] < (k+m)E[L] +2" —1, (2.122)

where 2¥ — 1 denotes the number of path metric differences between the optimal terminating

state and any of the remaining 2 — 1 terminating states.

In (2.116), (2.117), (2.118), (2.119), and (2.120), the constants ¢; and ¢y character-
ize implementation-specific differences in the implemented complexity of traceback and list
insertion, respectively, as compared to the ACS operations of Viterbi decoding. For our

implementation, we found ¢; = 1.5 and ¢; = 2.2.

The additional complexity of the SLVD over SSV decoding is completely characterized
by the additional tracebacks along the trellis and the maintenance of an ordered list of path
metric differences. We define the normalized complezity Csryp as the complexity of SLVD

divided by the complexity of SSV decoding, i.e.,

C _ _
SLVD =1+ Ctrace + C’list- (2123)

Csivp =
Ssv

The normalized complexity provides a measure for the additional complexity of operations

associated with the SLVD relative to the complexity of the SSV algorithm.
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Figure 2.11: The complexity of SLVD with different constrained maximum list sizes for

ZTCC (27,31) and degree-10 DSO CRC polynomial 0x709, with & = 64 at SNR ~, = 2 dB.

All variables are normalized by time or the complexity of SSV decoding. In the simulation,

c; =15 and ¢y = 2.2.

We recorded the runtime Tsivp, Tssv, Tirace, and T on the Intel Core i7-4720HQ using
Visual C++. We then divided all of these terms by Tssy to compute the normalized runtime
T. Fig. 2.11 shows the normalized complexity based on (2.123) and the normalized runtime.
In both cases, the normalization is computed by dividing by the complexity or runtime
associated with SSV, i.e., performing all ACS operations on the trellis and a single traceback
from the state with the best metric. Fig. 2.11 shows that the normalized complexity and
normalized runtime curves are indistinguishable. It also shows that the additional complexity

of SLVD is primarily from maintaining an ordered list of path metric differences.

2.5 Simulation Results

In this section, we present our simulation results of CRC-ZTCCs in Table 2.2 and CRC-
TBCCs in Table 2.3 for the binary-input AWGN channel at £ = 64. Finally, we compare
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Figure 2.12: The SNR gap to the RCU bound vs. the average complexity of SLVD for the
family of CRC-ZTCCs in Table 2.2 at target P., = 10~*. Each color represents a specific
ZTCC shown in parenthesis. Markers from top to bottom with the same color correspond
to the DSO CRC polynomials with m = 3,4,...,10 in Table 2.2. The information length

and blocklength are given by k = 64 and n = 2(64 + m + v), respectively.

the punctured CRC-TBCC with £ = 64 and n = 128 designed in our precursor conference
paper |[LYD19] with several (128,64) linear block codes presented in [CDJ19|.

2.5.1 Simulation Results for CRC-ZTCCs

Fig. 2.12 shows the trade-off between the SNR gap to the RCU bound and the average
decoding complexity computed using (2.115) for target probability of UE P, = 107%. It
is shown that for a given ZTCC, increasing the degree m of DSO CRC polynomials can
significantly diminish the SNR gap to the RCU bound at a relatively small complexity
increase. This SNR gap reduction is especially considerable when v is small and becomes

less significant as v becomes large. For all ZTCCs, the complexity cost of increasing m from
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Figure 2.13: The average complexity vs. SNR for ZTCC (247,371) used with the corre-
sponding DSO CRC polynomials. The ZTCC with no CRC using soft Viterbi decoding is

also given as a reference.

3 to 10 is within a factor of 2. This is consistent with Fig. 2.11 in which the complexity

increases by a factor less than 1.5 even for a very large constrained maximum list size .

A CRC-ZTCC could be decoded using the Viterbi algorithm alone, without list decoding,
on a trellis with 2™ states per trellis stage. The dashed lines in Fig. 2.12 show that the
gap to the RCU bound remains roughly constant for a constant value of m + v. However,
list decoding with a well chosen (m,v) pair achieves this performance with a minimum
complexity Csryp. Thus, for a given target error probability P, » and a fixed value of m + v,
the inclusion of CRC-aided list decoding will generally reduce complexity compared to Viterbi

decoding alone on a convolutional code with 2™ states per trellis stage.

Fig. 2.13 shows the complexity Csiyp computed using (2.115) as a function of SNR for
ZTCC (247,371) and the corresponding DSO CRC polynomials with degree m from 3 to 10
from Table 2.2. The ZTCC using soft Viterbi decoding with no CRC is also shown. Here, the

29



+

r + v=3(13,17)

d o v=4(27,31)
o 16} . * v=>5(53,75)
) v ="6 (133,171)
o 14r e v v =17 (247,371)
2 12/ £ 4 o v =8 (561,753)
2 5 v =9 (1131,1537)
S 1 + * o v =10 (2473,3217)
O o
Z 0.8} ++% *
O

*,

S 0.6+ ok v
= 0.4 ik \V4

=1 * T
& v ©
O 02} "4 $><>€7

O r <> <> : @ D =z} [m]

-0.2 ; A | i i “‘Hmr H I I A
10° 10* 10° 106

Complexity Csiyvp

Figure 2.14: The SNR gap to the RCU bound vs. the average complexity of SLVD for the
family of CRC-TBCCs in Table 2.3 at target P., = 10~%. Each color represents a specific
TBCC shown in parenthesis. Markers from top to bottom with the same color correspond
to the DSO CRC polynomials with m = 3,4,...,10 in Table 2.3. The information length

and blocklength are given by k = 64 and n = 2(64 + m), respectively.

target probabilities of UE at 1072,1073,10~* for each CRC-ZTCC are marked by squares,
diamonds, and stars, respectively. For each target probability of UE, the corresponding

complexity is within a factor of 2 compared to the soft Viterbi decoding of ZTCC (247, 371).

The termination overhead associated with the ZTCC induces a gap from the RCU bound,

which can be closed by using the corresponding TBCC as we will see below.

2.5.2 Simulation Results for CRC-TBCCs

In Section 4.2 we use the fact that for a CRC-ZTCC, each traceback operation in SLVD

yields a valid higher-rate codeword, i.e., a ZT convolutional codeword. However, for a CRC-
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TBCC, traceback operations in SLVD do not always yield a valid higher-rate codeword, i.e.,
a TB convolutional codeword, because the TB condition is often not met. In view of this,
we can no longer assume that L ~ 2™. Nevertheless, L can still be obtained from simulation

and Approximations 3 and 4 still apply.

The increased value of L may be understood by considering the higher-rate code C, to
be the pseudo code represented by all paths on the trellis regardless of whether they meet
the TB condition. Due to the additional complexity required to check the TB condition,
E[I] is significantly increased compared to that for the CRC-ZTCC. While we identified the
empirical value of E[I] for CRC-ZTCCs, in this section we simply assume E[/] attains the
upper bound in (2.122) for CRC-TBCCs. Hence, using (2.117), (2.119) with ¢; = 1.5, (2.120)
with ¢o = 2.2, together with the aforementioned assumption on E[I], we can compute an

estimate of the average complexity Cs;yp of our implementation of SLVD of CRC-TBCCs.

Fig. 2.14 shows the SNR gap to the RCU bound vs. the average complexity for target
probability of UE P,y = 107* for all CRC-TBCCs designed in Table 2.3. Compared to
Fig. 2.12, TB encoding significantly reduces the SNR gap to the RCU bound, because the
overhead of termination is avoided. However, this reduction of the SNR gap comes at the
expense of a slight increase in average complexity for checking the TB condition. Note
the exciting result that some CRC-TBCCs outperform the RCU bound for v = 9 and 10.
Another phenomenon distinct from CRC-ZTCCs is that for TBCCs with large v, increasing
the DSO CRC polynomial degree from m = 3 to 10 only provides a small benefit. Note,
however, that the degree-3 DSO CRC polynomial does provide a benefit over a TBCC used
with no CRC at all.

Fig. 2.15 shows the trade-off comparison for CRC-TBCCs with m = 10 and v from 3 to
10 at Py = 10~* and P\ = 107°. We see that as P, ) decreases, the SNR gap to the RCU
bound is increased and the average complexity of SLVD is further reduced. However, the
increase in SNR gap depends on v. As v increases, the increase in SNR gap is reduced. We

see that at m = 10 and v = 10, this SNR gap increase becomes negligible.
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Figure 2.15: The SNR gap to the RCU bound vs. the average complexity of SLVD for the
family of CRC-TBCCs in Table 2.3 with m = 10. For a fixed F, ), the points from the left

to the right correspond to v from 3 to 10. In this example, k = 64 and n = 148.

To illustrate the performance of the best CRC-TBCCs designed in Table 2.3, we select
v =9 and v = 10 TBCCs as an example. Fig. 2.16 shows two cases: R = 64/134
corresponding to m = 3 and R = 64/146 corresponding to m = 9. The MC bound and
the RCU bounds for these rates are plotted using the saddlepoint approximations provided
in Approximations 1 and 2, respectively. We see that in these two cases, the CRC-TBCCs
in Fig. 2.16 beat the RCU bound at low SNR values. However, this superiority gradually
fades away as SNR increases, although for m = 9, the performance is very close to the RCU
bound even at P, = 107°. Simulations also suggest that it is extremely difficult to further

improve the code performance once beyond the RCU bound at low probability of UE.

Fig. 2.17 shows the family of CRC-TBCCs with k = 64 and n = 148 (corresponding to

m = 10). For small v, we see a visible improvement as v increases. However, once perfor-
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Figure 2.16: Comparison of P, with RCU and MC bounds at rates R = 64/134 (m = 3)
and R = 64/146 (m = 9) for the CRC-TBCCs designed in Table 2.3. For the sake of clarity,
only v = 9,10 TBCCs are displayed.

mance reaches the RCU bound, further increases in v provide little benefit. For example,

with m = 10, the CRC-TBCC with v = 9 attains similar performance to that with v = 10.

2.5.3 Comparison of (128,64) Linear Block Codes

Direct comparison of CRC-TBCCs with other codes often requires puncturing to match
rates. For simplicity, we have excluded puncturing from analysis in this chapter. However,
our precursor conference paper [LYD19] designed a v = 8, m = 10 punctured CRC-TBCC
with & = 64 and n = 128 whose frame error rate (FER) performance can be directly

compared to the (128,64) linear block codes presented in [CDJ19], as shown in Fig. 2.18.

At SNR of 3 dB, the v = 8, m = 10 punctured CRC-TBCC in [LYD19] and the best codes
studied in [CDJ19] all perform similarly. Specifically, the four codes in [CDJ19] with similar
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Figure 2.17: Comparison of P,  with RCU and MC bounds at rate R = 64/148 (i.e., m = 10)
for the CRC-TBCCs designed in Table 2.3.

performance at 3 dB to the v = 8, m = 10 punctured CRC-TBCC are the following: the
v = 14 and v = 11 TBCCs decoded with WAVA, the extended BCH code with order-4 OSD,
and a non-binary LDPC code over Fo56 with order-4 OSD. As shown in Fig. 2.18, at higher
SNR, the FER performance is more differentiated with the best performance provided by the
v = 14 TBCC, slightly worse performance provided by the v = 8, m = 10 punctured CRC-
TBCC and the extended BCH code with order-4 OSD and further degraded performance by
the v = 11 TBCC and the non-binary LDPC code over Fo56 with order-4 OSD.

We now consider the decoding complexity of the three best codes described above at
3 dB, excluding the discussion of the non-binary LDPC code due to its further degraded
performance. Actual complexity depends on specific implementation choices, here we con-
sider the total number of computations per codeword as a way to give some flavor of the

complexity differences between these approaches. At SNR of 3 dB, simulation shows that
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Figure 2.18: Comparison of (128, 64) linear block codes.

E[L] = 44.41 for the v = 8, m = 10 punctured CRC-TBCC. Using (2.117), (2.119), (2.120)
together with (2.122), we obtain Csryp < 1.67 x 10°.

In terms of WAVA complexity, let I be the number of iterations in WAVA. By assuming
0.5 units of complexity for compare-select operation per branch and 1 unit of complexity
for one addition, the WAVA complexity for a rate-1/w TBCC with v memory elements at

information length k is given by
Cwava = kI1(0.5 -2 4 21, (2.124)

Using (2.124), the complexity of 3-round WAVA for v = 11 TBCC in [CDJ19] is 9.83 x 10°,
which is higher than for the v = 8, m = 10 punctured CRC-TBCC. The best v = 14 TBCC
in [CDJ19] under 3-round WAVA achieves a complexity of 7.86 x 10°.

A direct complexity comparison of SLVD with OSD is more difficult, but Table V in [FS95]
indicates that at 3 dB, the order-3 OSD of the (128, 64) extended BCH code requires 2.83x 10°
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operations per codeword on average, which indicates that the order-4 OSD would likely have
a higher complexity than the SLVD of v = 8, m = 10 punctured CRC-TBCC. Based on this
analysis, the CRC-TBCC paradigm appears to be competitive with the existing approaches
that provide similarly excellent FER performance at short blocklength.

2.6 Conclusion

In this chapter, we consider the CRC-aided convolutional code as a promising good short
blocklength code. The concatenated nature of the code permits the use of SLVD that
allows the code to attain the ML decoding performance at low complexity. For £ = 64
and the binary-input AWGN channel, we identified the DSO CRC polynomial for a family of
ZTCCs and TBCCs generated with the optimum rate-1/2 convolutional encoders in [LCO04]
at sufficiently low target probability of UE. Several CRC-TBCCs beat the RCU bound at
practically interesting values of SNR. In a recent work [Sch21]|, Schiavone confirmed that the
CRC-TBCC is indeed a powerful short blocklength code by showing that its performance

matches the expurgated ensemble.

All CRC-aided convolutional codes considered in this chapter are designed based on an
optimum convolutional encoder. It would be interesting to investigate whether a suboptimal
convolutional code used with the DSO CRC polynomial can also lead to a good concatenated
code. Another interesting direction is to explore the performance of CRC-aided convolutional
codes in the moderately short blocklength regime, e.g., 128 < k& < 1000. If puncturing is
introduced in the code design, the problem of how to jointly design the puncturing pattern

and the optimal CRC polynomial for a given convolutional code still remains open.

The beauty of SLVD lies in the fact that the average complexity is governed by the
expected list rank E[L], a quantity that is inversely proportional to the SNR value. This
allows a huge complexity reduction at operating SNRs of interest that guarantee a low target

probability of UE. In particular, the parametric approximation of E[L] provides an explicit
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characterization of the performance-complexity trade-off. It shows that for CRC-ZTCCs
with a target error probability P, and L~ 2™, a CRC degree m < — log(P;,) is sufficient
to maintain E[L] < 2. In closing, several theoretical problems are still open, for instance,
how to develop tight bounds on E[L|X = O] and P.; using only the weight spectrum. In
addition, the behavior of the supremum list rank A is also less understood and is worth future

investigation.
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2.7 Appendix: Derivation of the Induced Density Function

Figure 2.19: Derivation of the induced density function g,(y,) in R™.

Let B(a,r) denote the spherical surface of center a and radius r in R™, where a € R"
and > 0. In this section, we derive the induced density function g, (y,) incurred when
projecting a received point y uniformly distributed on B(&,w) to point y, = (Av/n/||yl)y
that lies on the codeword sphere B(O, Ay/n) in R™. As an illustration, Fig. 2.19 depicts
this scenario in R?. For our purposes, we assume that w > Ay/n to ensure the bijective

relationship between y and y,.

Let us consider a circular cone @), in R™ with apex at the origin O, axis along Oy, and

half-angle o. Algebraically, define the direction vectors

N
Yo = —, (2.125)
lyl
A Y—«
Ze = — (2.126)
|y — |
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Hence, the circular cone @), is given by

={reR": (r—0)"(I - &(a)y.y.)(r —0) <0}, (2.127)

where e(a) £ 1/ cos a denotes the eccentricity of the cone. Cone Q,, intersects with the noise
sphere B(&,w), thus producing a surface area QQ, N B(&, w) delimited by J and K on Fig.
2.19. Thus, the induced density at y, is given by

. S(QaNB(x,w))/Sh-1(w)
020 S(Qn N B(O, Ayn))

(2.128)

where S(-) denotes the surface area in R". Note that for sufficiently small «, the spherical

surface around vy is equivalent to the tangent hyperplane at y, given by

H={reR":z/(r—y)=0}
={reR":2/(r—0)=h}, (2.129)
where h £ z!y. Define p £ \/1 — (2] y.)2. Thus, using the result by Dearing [Dea, Eq. (15)],

if e(a)p < 1, the intersection of hyperplane H and cone @), is an ellipsoid of dimension (n—1),

which, after proper rotation 7" around O, can be written as

T(Qu) NT(H) = {(rl,...,rn_l,h): +

a? b

N n—1 A~
S (= é)? ijz (rj = ¢)° _ 1}
where

o=2zy., (2.130)
(o) poh
= ¢ =0,j=2,....,n—1 2.131
1—62(04)p27 ¢ =0, ’ A ’ ( 3 )
PN COR
(1—e(a)p?)?
b=a(1—é(a)p?). (2.133)

~

C1

(2.132)
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Since z, and y,. are non-orthogonal, 1/p > 1. Hence, for sufficiently small «, e(a) < 1/p and

thus Dearing’s result follows. Summarizing the analysis above, we obtain

lim S(Qa N Bz, w)) = lim S(T(Qa) NT(H)) (2.134)
n—1
T 2 R =\ n—2
_ili%r i) a(ﬁ)
n—1
2 —1) R2\ ’ o\ 252
_ili%r"T“<1—62 > (1= @)
i
n—1 n
= liny o n+1>2 R

, = o5t (1—cosa> (z y) 1
a—0 T ”—“) Cos & zZ] Ye 2] Ye

T a7 [yt
i o (3) 7
G (L) EAGE cos ZzyO

172

T2
a—0 ['(2EL) cos ZxyO’

(2.135)

where (2.134) follows since for sufficiently small half-angle, the spherical surface around y
is equivalent to that of the tangent hyperplane H at y. From [Sha59, Eq. (21)], the area of
the spherical cap S(Q, N B(O, Ay/n)) is given by

S(Qu N B0, Aym)) = = ”?;i@lf)‘ﬁ)"_l /O "2 00, (2.136)

Substituting (3.180), (3.181) into (3.119), we obtain

9uw(Yp) = lim 5o NB(; v)) S (V)
W) = 300 S(Qa N B(O, Ay/n)) S 1(1)Sy_1(Ay/m)

n—1_lly(yp)l"~ !

— lim cos L&y (yp)O 1 1
a0 (n— 1) [ 9n=2df w1 S,_1(Ay/n)
ly(yp) [\ 1 1
= LLIP/T 2.137
< w > cos Zzy(y,)0 S,_1(Ay/n)’ ( )

where y(y,) is the preimage of y, on the noise sphere B(x, w). Here, (3.182) is the induced
density function of y, € B(O, Ay/n). Observe that it is rotationally symmetric with respect

to axis Ox.
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Next, we develop an alternative expression for g,(y,) to derive its upper and lower
bounds. First, we rotate the coordinate system such that axis O is the first coordinate and
the remaining (n — 1) coordinates are orthogonal to OZ. In the new coordinate system, let
z = (Ay/n,0,...,0) € R". Hence, for an arbitrary projected point y, = (y1,%2,...,Yn) €
B(0O, A\/n), assume that p = ||y(y,)||. Thus,

y(yp) = A%/ﬁ(yl,yz, e Un)- (2.138)

Since y(y,) € B(z,w),

(A%/ﬁyl _ A\/ﬁ>2 n (AL%)Q if = w2 (2.139)

Solving for p yields

o=y + \/y% +w? — A%, (2.140)

By law of cosines, it is shown that

pPr4w? — A'n \Jyi+w?— A
2pw N w '

cos ZxyO = (2.141)

Hence, substituting (3.185) and (3.186) into (3.182) and expressing ¢,,(y,) in terms of y; €
[—Ay/n, Ay/n], we obtain

1 (4 Vyi+w?— An)"2 "
w = 1+ : 2.142
) =5, v w2 AT —a)

Clearly, g,(y1) is monotonically increasing in y;. Hence,

guw(y1) = gu(—AVn) = m (1 - Agﬁ) _ : (2.143)

gu(y1) < gu(Av/n) = Sn_l(lA\/ﬁ) (1+ A;U/ﬁ) N (2.144)

Geometrically, this implies that the maximum induced density is attained at the transmitted

point &, whereas the minimum induced density is attained at —.
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CHAPTER 3

Binary Asymmetric Channels With Full Feedback

3.1 Introduction

Feedback does not increase the capacity of memoryless channels [Sha56], but it significantly
reduces communication complexity and probability of error, provided that variable-length
feedback (VLF) codes are allowed. For a discrete memoryless channel (DMC) with full
noiseless feedback, Burnashev [Bur76| proposed a pioneering two-phase transmission scheme
that produces the ezact optimal error exponent of VLF codes for all rates below capacity. The
first phase is called the communication phase, during which the transmitter seeks to increase
receiver’s posterior probability for the transmitted message. The system transitions from the
communication phase to the confirmation phase when the largest posterior probability at the
receiver exceeds a certain threshold. During the confirmation phase, two most distinguishable
input symbols are used: one for the message with the largest posterior probability, and the
other for the rest of messages. The confirmation phase continues until either the transmission
terminates or the system returns to the communication phase. This two-phase coding scheme
allows Burnashev to obtain a VLF achievability bound that coincides asymptotically with
the VLF converse bound, thus producing the optimal error exponent. However, Burnashev

did not provide an explicit non-asymptotic VLF achievability bound for the DMC.

For the binary symmetric channel (BSC) with noiseless feedback, Horstein [Hor63| devel-
oped a simple, one-phase scheme that maps each message to a subinterval in [0, 1]. The trans-

mitter sends a 0 if the subinterval of the true message lies entirely beneath the median and
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a 1 if it lies entirely above the median. If the subinterval includes the median point, which
will eventually happen as the subinterval of the highest posterior probability grows, then
randomized encoding is employed. Horstein did not provide a rigorous proof to show that
his scheme achieves capacity. In [BZ74|, Burnashev and Zigangirov showed that Horstein’s
scheme achieves the capacity of the BSC in the fixed blocklength setting. In [SF11], Shayevitz
and Feder generalized Horstein’s scheme to the concept of posterior matching, thus validating
the capacity-achieving property of Horstein’s scheme. Since Horstein’s work, several authors,
e.g., [Sch71,SP73,TT02, TT06], have constructed coding schemes for the BSC with noiseless
feedback under various assumptions in order to attain capacity or Burnashev’s optimal error

exponent.

In the non-asymptotic regime, Polyanskiy et al. [PPV11] showed that for a target aver-
age blocklength [ and error probability €, the maximal message size M*(l,¢) for the VLF
code is significantly improved compared to that of fixed-length codes. Polyanskiy et al.
demonstrated this benefit by establishing a non-asymptotic achievability bound for the
variable-length stop-feedback (VLSF) code, a VLF code that makes a very limited use of
feedback [PPV11, Theorem 3]. More specifically, all VLSF codewords are designed and fixed
before transmission. A stop-feedback symbol is only used to inform the encoder of when
to terminate transmission and does not affect the value of the transmitted codeword. A
compelling example of the advantage offered by variable-length coding can be seen for the
BSC with capacity 1/2 and target error probability 1073. With variable-length coding and
stop feedback, the average blocklength required to achieve 90% of capacity is less than 200,

compared to at least 3100 for the best fixed-blocklength code with noiseless feedback.

In [NWJ12|, Naghshvar et al. asked the question of whether having two separate phases
of operations and randomized encoding are necessary to achieve Burnashev’s optimal error
exponent. As a negative response to this question, they presented a deterministic, one-phase
coding scheme that achieves the optimal error exponent for any symmetric binary-input

channels (including the BSC) with full noiseless feedback. The most appealing feature of
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their scheme is that at each time instant, the common codebook available at the encoder
and decoder is generated “on the fly” by a bi-partitioning of the message set such that the
probability difference of the two subsets is small enough (see Sec. IV in [NWJ12|), and
this is sufficient for their scheme to achieve both capacity and the optimal error exponent.
Since the authors did not provide a name for their scheme, here we term their scheme as the
small-enough-difference (SED) coding scheme!. In a subsequent work [NJW15|, Naghshvar
et al. applied the extrinsic Jensen-Shannon (EJS) divergence and submartingale synthesis
technique to develop a non-asymptotic VLF achievability bound for the deterministic VLF
code constructed with the SED coding scheme operated over a symmetric binary-input chan-
nel. Recently, Guo et al. [GK21| developed an instantaneous SED code for the symmetric

binary-input channel with feedback for real-time communication.

While Naghshvar et al. obtained a non-asymptotic VLF achievability bound for the
symmetric binary-input channel, this bound appears to be inferior to Polyanskiy’s non-
asymptotic achievability bound for the VLSF code. In general, a system that employs full
noiseless feedback, such as the SED coding scheme, should achieve a rate much better than
that of a VLSF code. This indicates that there is an opportunity to develop a tighter achiev-
ability bound that outperforms Polyanskiy’s VLSF achievability bound. On the other hand,
despite the simplicity of the SED coding scheme for the symmetric binary-input channel,
the extension of this scheme to a general binary-input channel with feedback still remains

unknown, let alone a general multi-input channel with feedback.

As its primary contributions, this chapter extends Naghshvar et al.’s SED coding scheme
to the binary asymmetric channel (BAC) with feedback, including the BSC as a special case.
In general, a BAC has binary input and output alphabets and is specified by two crossover
probabilities: py £ P(Y = 1|X = 0) and p; £ P(Y = 0|X = 1) that are allowed to be equal.
Therefore, the word “asymmetric” does not exclude the symmetric case. In [MCL10, Section

2.3], it is argued that every BAC can be equivalently transformed into a regularized BAC

!We first coined this name in our conference chapter [YWL20].
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satisfying 0 < pp < 1/2 and pg < p; < 1 — pg by flipping either the input or the output, or
both. Therefore, our generalized SED coding scheme is mainly for the regularized BAC. In
the definition of a regularized BAC, we exclude po = 0 and py = p; = 1/2 cases, in order to
guarantee that important quantities C; and Cy defined in (3.7) and (3.8) are always positive
and finite. Nonetheless, it has been known that in the degenerate case where py = 0, zero-
error VLF capacity is equal to the conventional capacity; see [Bur76, Sec. 6] or [PPV11, Eq.
133].

Unlike Naghshvar et al.’s one-phase SED coding scheme, our SED coding scheme for the
regularized BAC is a deterministic, two-phase coding scheme. More specifically, assume that
(w5, m7) is the capacity-achieving input distribution for a regularized BAC. In the communi-
cation phase where all posterior probabilities are less than 7}, the message set is partitioned
into two subsets with probabilities 7y and 71 such that the difference :_3 — % is small enough.
In the confirmation phase where the largest posterior probability among all messages exceeds

7}, we exclusively assign input symbol 1 to the message with the largest posterior probability

and 0 to all remaining messages.

Using the generalized SED coding scheme, we develop a non-asymptotic VLF achievabil-
ity bound that outperforms Polyanskiy’s VLSF achievability bound for a regularized BAC. In
particular, for the BSC with feedback, we develop a refined non-asymptotic VLF achievabil-
ity bound. Numerical evaluations show that for BSC with capacity 1/2 and error probability
1073, both VLF achievability bounds exceed Polyanskiy et al.’s VLSF achievability bound,
which is expected since a system with full noiseless feedback should perform better than the

system that only employs stop feedback.

In our analysis, the technique for obtaining a VLF achievability bound for a regularized
BAC involves a submartingale synthesis with optimal parameters and a variant of Doob’s
optional stopping theorem. For the specific case of the BSC, the confirmation phase can be
modeled as a Markov chain with possible fallbacks to the communication phase. This facil-

itates a decomposition of the random process concerning the transmitted message into two
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components: a submartingale describing the first communication phase and a generalized
Markov chain that describes the subsequent behavior (see Section 3.5.6). This decomposi-
tion allows a separate upper bound on the average blocklength to be computed for each of
the two components. The upper bound for the first component is obtained using a surrogate
submartingale construction and a variant of Doob’s optional stopping theorem. The upper
bound for the second component is obtained using time of first-passage analysis on a gener-
alized Markov chain. Finally, the sum of the two upper bounds yields an upper bound on
the overall average blocklength that turns out to be tighter than the bound developed using

a pure submartingale synthesis when the crossover probability is small.

The remainder of this chapter is organized as follows. In Section 3.2, we introduce basic
notation, the regularized BAC and some useful facts, a VLF code for a memoryless channel,
and Naghshvar et al.’s SED coding scheme for symmetric binary-input channels. Next, we
review some important previous results. In Section 3.3, we present the generalized SED
coding scheme for a regularized BAC with full noiseless feedback and a non-asymptotic VLF
achievability bound for a regularized BAC. Section 3.4 presents a refined VLF achievability
bound for the BSC with full noiseless feedback. Section 3.5 contains proofs of our main
results. In Section 3.6, we numerically compare our VLF achievability bounds with the
simulated performance of the SED coding scheme and with some previously known results.
In Section 3.7, we show that for a regularized BAC, our generalized SED coding scheme

achieves both capacity and the optimal error exponent. Section 4.5 concludes the chapter.

3.2 Preliminaries

3.2.1 Notation and Definitions

Let N = {0,1,2,...} denote the set of natural numbers, and N, = N\ {0} denote the
set of positive integers. Let [M] = {1,2,...,M}. We denote by log(-),In(-) the base-2

A

and the natural logarithms, respectively. h(p) = —plog(p) — (1 — p)log(1l — p), p € [0,1],
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denotes the binary entropy function. Let Py, QQy be two distributions over a finite alphabet

Y, the Kullback-Leibler (KL) divergence between Py and Qy is defined as D(Py|Qy) =

> ey Pr(y)log gi(é//)) with the convention that 0log 2 = 0 and blog 2 = oo for a,b € [0,1]

with b # 0. Let [z]" = max{0,x}. We denote the collection of all subsets of X by 2.

3.2.2 The Regularized BAC and Some Useful Facts

A BAC consists of binary input and output alphabets, ie., X = Y = {0,1}, and two
crossover probabilities, py = Py|x(1]0) € [0,1] and p; = Pyx(0]1) € [0,1]. As noted
in [MCL10], it suffices to restrict our attention to the regularized case where py € [0,1/2]
and py < p; < 1—pg, as any other case can be transformed into this case by swapping either
the input or the output, or both. In this chapter, we say that a BAC(pg, p1) is reqularized
if po € (0,1/2) and py < p; < 1 — pg. Namely, we exclude the degenerate case py = 0 and
po = p1 = 1/2 to guarantee that the quantities C; and Cj defined in (3.7) and (3.8) are

positive and finite. If pg = p; = p € (0,1/2), we simply write BSC(p).

Let C' be the capacity of the BAC(pg, p1) and let (7, 77) be the corresponding capacity-

achieving input distribution. The following results will be useful in our proofs.

Fact 1. Consider a BAC(po, p1) with capacity-achieving input distribution (w5, 7). Then,

o poh(p1) B (1 —p1)h(po) +log(1 + 2) (3.1)

_1—190—191 I—po—mp1
e 1 —pi(1+2)
O (1—po—p1)(L+2)’
7T>1k _ (1 _p0)<1+2> —1 (33)
(1=po—pi)(1+2)

(3.2)

h(pg)=h(p1)

where z = 2 =vo=r1 . Furthermore, if po € (0,1/2) and py < p1 < 1 —pp, then 0 < 717 <

me < 1.

The proof of Fact 1 is given in Appendix 3.9.1.
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Figure 3.1: Variable-length coding over a memoryless channel (X, ), Py|x) with full noiseless

feedback link.

Fact 2 (Theorem 4.5.1, |Gal68|). Consider a DMC (X,Y, Py|x) with capacity-achieving

input distribution (w§, 7y, . .. ,7r|"‘X‘_1). For each k € {0,1,...,|X| =1}, if m; > 0, then,
|x|-1
D PY|x = k)H S mPYIX=1)|=C. (3.4)

=0

Let €} be the maximal KL divergence between two conditional output distributions

defined by

C1 £ max D(P(Y|X =2)|P(Y|X =2')). (3.5)

z, ' €X
We also denote

max,ex Pyx(y|r)

Cy 2 1 : 3.6
O e Py yle) 39
Fact 3. For a regularized BAC(py, p1),
O = D(P(Y|X — 1)||P(Y]X = o)), (3.7)
Py‘X(lll) 1 — P1
Cr=log——"— ~ —log ———. 3.8

The proof of Fact 3 is given in Appendix 3.9.2.

For a regularized BAC, it always holds that 0 < C' < ('} < (3 < oo. Later, we will see

how these quantities are used in our result.
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3.2.3 VLF Codes for a Memoryless Channel

We follow [PPV11] in defining a VLF code for a memoryless channel (X, Y, Py|x) with full

feedback. Fig. 3.1 depicts the system model of variable-length coding over a memoryless

channel with a full noiseless feedback link.

Definition 3. An (I, M,e) VLF code for a memoryless channel (X,Y, Py|x), where [ > 0,
M e Ny, and € € (0,1), is defined by:

1)

2)

3)

4)

A random variable C, defined on a set C with |C| < 2, whose realization is revealed to
both the encoder and decoder before the start of transmission. The realization of C is

the common codebook.

A sequence of encoding functions e; : C x [M] x Y'™! — X, t € N, , defining channel

mputs
X, =¢(C,0,Y"), (3.9)
where © is uniformly distributed over [M].

A sequence of decoding functions g, : Cx V' — [M], t € N, providing the best estimate

of © at time t.

A random variable T € N, a stopping time of the filtration F; = o{C,Y"'} satisfying
E[r] < 1. The final decision O is computed at stopping time T, given by
O =g.(Y7). (3.10)
In addition, T also needs to satisfy
P2 2{0+4£0)<e (3.11)

The rate of an (I, M, e) VLF code is defined as

log M
R= .
E[7]

(3.12)
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In [Bur76], Burnashev, for the first time, derived the reliability function E(R) of variable-
length coding over a fixed DMC for all rates R < C"

E(R) =, (1 . g) . (3.13)

3.2.4 Naghshvar et al.’s SED Coding Scheme

In [NWJ12|, Naghshvar et al. introduced a novel SED coding scheme that produces a
deterministic VLF code for a symmetric binary-input channel with full feedback. We briefly
describe their scheme below.

Let pi(t) = 2 {O© =i|Y'}, t € N, denote the posterior probability of © = i. Since O is
uniformly distributed before transmission, p;(0) = 1/M for all i € [M]. Asnoted in [NJW15],

a sufficient statistic for estimating © is the belief state vector defined by

p(t) 2 [p1(1), pa(t), ., par(D)], £ EN. (3.14)

According to Bayes’ rule, upon receiving Y; = y;, each p;(t), i € [M], can be updated from
p(t—1) by

pi(t —1)Py|x (yt‘xt,i)
ZjE[M] Pj(t - 1)PY|X (yt|$t,j> ’

pi(t) = (3.15)

where x,; £ ¢,(C,7, V") € {0,1} denotes the input symbol for message j € [M]. Thanks
to the full noiseless feedback, the transmitter will be informed of y; at time instant ¢t 4+ 1 and

thus can calculate the same p(t) which will be used to produce X, ;.

We follow Definition 3 to describe the deterministic VLF code generated with Naghshvar

et al.’s SED coding scheme that guarantees target error probability € € (0,1/2).

1) A common codebook generated by SED bipartition: If t = 1, p(0) = (1/M)1. If
t > 2, p(t—1) is obtained from Y;_1, p(t — 2), and previous input symbol assignments

{@i—1:}icm) using Bayes’ rule (3.15). At time ¢ € N, upon obtaining p(t — 1), the
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message set [M] is partitioned into two subsets Sy(t — 1) and S;(t — 1) such that

0<m(t—1)—m(t—1) < min p;(t—1), (3.16)
€8S (t—1)

where 7,(t — 1) = >ies, -1 Pi(t = 1), x € {0,1}. Then, the input symbol z; for
message i € [M]is 0if i € Sop(t —1) and is 1 if i € Si(t —1).

Encoding function: At time t € N,, the encoder obtains Si(t — 1) from p(t — 1)

according to step 1). The encoding function at time ¢ is given by

e(C,0,Y"™ 1) £ 1ioes, (1-1))- (3.17)

Decoding function: At time t € N, upon receiving ¥, the decoder first obtains input
symbol assignments {x;;}ic;n from p(t — 1) according to step 1). Next, the decoder
computes new belief state vector p(t) using y;, p(t — 1) and {x4,}ic;n according to
Bayes’ rule (3.15). The decoding function at time ¢ is given by
9:(C,Y") £ arg max p;(t). (3.18)
1€[M)
If there are multiple solutions in (3.18), the decoder arbitrarily selects a message among

them.

Stopping time 7: The decoder adopts the following stopping time, which is a function
of filtration F, = o{Y"},

Témin{teN:maxpi(t) > 1—6}, (3.19)
1€[M]

where the computation of p(t) is described in 3). The final estimate © is thus given
by

© = arg max p; (7). (3.20)

1€[M]

Clearly, the stopping time 7 satisfies (4.6) because

P =E[2{0£06|Y"}] =E [1 — max pi(T)] <e (3.21)

i€[M] -
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Note that in 1), there are many deterministic partitioning algorithms that achieve (4.10),
yet both the encoder and decoder must agree on the same algorithm. As can be seen,
the common codebook C at time ¢ is a function of Y*=! hence the resulting VLF code is
deterministic. Since the target error probability € € (0,1/2), it follows that (3.20) always
has a unique solution. Later, we show that 7 defined in (3.19) under the SED coding scheme
is almost surely (a.s.) finite, i.e., Z{7 < oo} = 1; see Lemma 10. Our goal is to determine

a non-asymptotic upper bound on E[r].

To analyze the deterministic VLF code constructed with the SED coding scheme, we

examine the log-likelihood ratio defined by

Ui 210g Y e (3.22)

1—p;(t)’

Using the log-likelihood ratio, the stopping time (3.19) can be equivalently written as

1—
T = min {t € N:max U;(t) > log 6}. (3.23)
1€[M] €

3.2.5 Previous Results on Average Blocklength of VLF Codes

In [NJW15], for a given message size M > 2 and target error probability ¢ € (0,1/2),
Naghshvar et al. used the EJS divergence and submartingale synthesis technique to obtain
a non-asymptotic upper bound on E[7] for the deterministic VLF code constructed with the

SED coding scheme operated over the symmetric binary-input channel.

Theorem 9 (Remark 7, [NJW15]|). For a given integer M > 2 and € € (0,1/2), the deter-
ministic (I, M,e) VLF code constructed with the SED coding scheme in Sec. 3.2.4 for the

symmetric binary-input channel (X,), Py|x) satisfies

log M +1loglog 2  logl+1 96.922C

24
- C Cy cCy (3:24)

The technique that underlies this result is a two-stage submartingale resulted from the

SED coding rule described in Sec. 3.2.4.
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Lemma 1 ( [NWJ12|). Fiz BSC(p), p € (0,1/2) and © = i € [M]|. The SED coding
scheme in Sec. 3.2.4 induces a submartingale {U;(t)},2, with respect to the filtration {F;},=,

satisfying
E[Ui(t+ 1)|F,0 =i > Ui(t) + C, if Us(t) <0, (3.25a)
E[Ui(t+ 1)|F,© =i = Ui(t) + C1,  if Us(t) > 0, (3.25b)
\Ui(t+1) = Us(t)] < Co. (3.25¢)

The proof of Lemma 1 can be found in [NWJ12, Appendix A]. We remark that the key
step that links the SED coding scheme to the two-stage submartingale is the introduction
and analysis of extrinsic probabilities; see [NWJ12, Eq. 19]. The next step is to synthesize
the two-stage submartingale in Lemma 1 into a single submartingale and then apply Doob’s
optional stopping theorem. In [NJW15|, Naghshvar et al. generalized |BZ75, Lemma 1] to

obtain the following result.

Lemma 2 (Lemma 8, [NJW15]). Assume that the sequence {&},, forms a submartingale
with respect to filtration {Fi},-,. Furthermore, assume there exist positive constants Ky, Ko

and K5 such that

E[§et1]|F] > &+ Ky, if & <0, (3.26a)
Elgn|F] = &+ Ko, if & 20, (3.26D)
€1 — &l < K3, if max {&41,6} > 0. (3.26¢)

Consider the stopping time v =min{t : & > B}, B > 0. Then, we have the inequality,

(3.27)

B — ¢ 1 1 3K?
E[U] < Ky 0 +§01{€o<0} ( > 3

K K KK

Observe that if U;(¢) in Lemma 1 plays the role of & in Lemma 2, the sequence {U;(t)},~,
meets the conditions in Lemma 2 by setting K; = C, Ky = C] and K3 = (5. Thus, by
setting B = log %, the stopping rule in Lemma 2 coincides with that in (3.23) and we have

the following corollary.
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Corollary 1. For a given integer M > 2 and € € (0,1/2), the deterministic (I, M,e) VLF
code constructed with the SED coding scheme in Sec. 3.2.4 for the symmetric binary-input
channel satisfies

log =< 2
<logMJr og N 3(]2.

€

- C Ch cCy

(3.28)

Remark 1. In [NJW15], Naghshvar et al. proved a two-stage submartingale similar to
Lemma 1 by considering the average log-likelihood ratio U(t) of the belief state p(t) rather
than that of the transmitted message (see [NJW15, Appendix II]). They showed that the
average drift of U(t) is characterized by the EJS divergence, which is lower bounded by
C or pCy depending on whether the sign of U(t) is negative, where p € (0,1) is some
constant. Combining their two-stage submartingale with Lemma 2, they obtained Theorem
18. Howewver, a direct comparison of the third terms in (4.24) and (4.29) immediately reveals

that (4.29) is a significantly tighter upper bound on I.

Next, we recall Polyanskiy’s achievability bound for an (I, M,€') VLSF code operated

over an arbitrary DMC.

Theorem 10 (Theorem 3, [PPV11]). Consider a DMC (X,Y, Py|x). Fix a scalar v > 0.
Let X™ and X™ be independent copies from the same process and let Y™ be the output of the

DMC when X™ is the input. Define a sequence of information density functions

PYn‘Xn (b"|a”)

t(a™; ") = log P (07) (3.29)
and a pair of hitting times
¢ 2 min{n > 0: (X" Y") > 7}, (3.30)
¢ £ min{n > 0: (X" Y") > v} (3.31)
Then, for an integer M > 2, there exists an (I, M,€') VLSF code satisfying
[ < E[y], (3.32)
¢ < (M—1)P{d < v} (3.33)
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In general, it is still difficult to compute E[¢)] and £{¢) < 1}. Nevertheless, for a DMC
with bounded information density, i.e., ag = SUDyex yey t(x;y) < oo, Polyanskiy et al. proved
the following useful relaxations by drawing independent and identically distributed (i.i.d.)
X™ from capacity-achieving input distribution Py

Y+ ao
Ely] < 722,

Plp <y <277, (3.35)

(3.34)

Therefore, given a target error probability € € (0,1), by setting v = log % in (3.34) and
(3.35), (3.32) and (3.33) are further relaxed to

| < log @ + ag7
- C
€ <e (3.37)

(3.36)

In this chapter, we use the relaxed upper bounds (3.36), (3.37) to compute Polyanskiy’s
VLSF achievability bound on rate for a regularized BAC.

Finally, we recall Polyanskiy’s converse bound for an (I, M, ¢) VLF code operated over a

DMC.

Theorem 11 (Theorems 4 and 6, [PPV11]). Consider a DMC with 0 < C < Cy < oco. Then
any (I, M,€) VLF code with 0 < e <1 —1/M, satisfies both

N
1 , elog M 1—e¢ Mé h(e)
= S = (10g M= Fa (&)= min { Fas (o), : b+ sy | |
(3.38)
and
lz(l—e)logM—h(e)’ (3.39)
C

where
Fu(z) 2 zlog(M — 1) +h(x), z€]0,1], (3.40)
M2 min DoxWlz) o (0,1). (3.41)

Y,T1,22 Py|X(y|I‘2)
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3.3 Achievable Rates for BAC With Feedback

For a regularized BAC(py, p1) with py # p1, Naghshvar et al.’s SED coding scheme no longer
applies. In this section, we introduce the generalized SED coding scheme for a regularized

BAC(po, p1) with full noiseless feedback and develop a non-asymptotic achievability bound.

Intuitively speaking, in order to achieve capacity, the posterior matching principle [SF11|
suggests that the coding scheme should shape the belief state vector p(¢) into a Bernoulli
distribution (mo(t), 71(t)) such that it is close to the capacity-achieving input distribution
(75, mt). That is, we wish 7, (t)/7 ~ 1 for x € {0,1}. One way to ask for this is that the
difference my(t) /75 — mi(t)/7% is close to zero. In analogy with Naghshvar et al.’s analysis
[NWJ12], it suffices to require that this difference be small enough. This motivates our

generalized SED coding scheme for the regularized BAC below.

For a regularized BAC(py, p1), recall from Fact 1 that 0 < 77 < 7§ < 1. Using this,
we propose the following generalized, deterministic, two-phase SED coding scheme for a
regularized BAC(py, p1) that is similar to Naghshvar et al.’s SED coding scheme described
in Sec. 3.2.4 with an exception that 1) is replaced by

1’) A common codebook generated by the generalized SED bipartition: If t = 1, p(0) =
(1/M)1. If t > 2, p(t — 1) is obtained from Y;_1, p(t — 2), and previous input symbol
assignments {y_1;}icn using Bayes’ rule (3.15). At time ¢t € N, upon obtaining
p(t —1), let 1 = argmax;e;y pj(t — 1), If p;(t — 1) < 77, the message set [M] is
partitioned into two subsets Sy(t — 1) and S;(¢ — 1) such that

m(t—1) m(-1) - _ mingeg, - pi(t — 1)

: : > ) 7 (3.42a)
0 ™ 7T1

m(t—1) m(t—1) < Miiesy@-1) pit —1) (3.42b)
T st B o | |

where m,(t — 1) = >, 1y pi(t — 1), € {0,1}. If p;(f — 1) > 7, the message set
[M] is exclusively partitioned into Sy(t — 1) = {i} and So(t — 1) = [M] \ {i}. Then,
the input symbol z;,; for message i € [M]is 0if i € Sp(t — 1) and is 1 if i € S;(t —1).
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Remark 2. First, we see that in the second case where p;(t—1) > 7, the partition Sy (t—1) =
{1}, So(t — 1) = [M]\ {2} still meets (3.42). Second, if py = p1, then 7} = 7F = 1/2. Thus,
(3.42) simplifies to

i€Sy (t-1)
mo(t—1)—m(t—1) < min p;(t—1). (3.43Db)
i€So(t—1)

Clearly, this is a relazation of (4.10). If p;(t — 1) > 1/2, (4.10) is met if and only if
So(t —1) = {1} and Si(t — 1) = [M]\ {i}. In [NW.J12], Naghshvar et al. showed that this
partition achieves Cy defined in (3.5). However, by symmetry of the BSC, one can show that
the partition Sy(t — 1) = {1}, So(t — 1) = [M]\ {i}, which corresponds to the second case in
1), also achieves the same Cy. Therefore, our SED coding scheme serves as a generalization

of Naghshvar et al.’s SED coding scheme.

The significance of our generalized SED coding scheme is that Lemma 1 now holds for

the regularized BAC. For the sake of completeness, we state this result in a separate lemma.

Lemma 3. Fiz a regularized BAC(py,p1) and © = i € [M]. The generalized SED coding

scheme induces a submartingale {U;(t)},2, with respect to the filtration {F,},-, satisfying

E[Ui(t +1)|F© = i] = Us(t) + Cv,  if Us(t) > 0, (3.44D)

Proof. The proof fully exploits the properties of extrinsic probabilities originally proposed
in [NWJ12]. See Section 3.5.1 for the complete proof. H

Since Lemma 2 is developed from a poor choice of parameters, here we perform a sub-
martingale synthesis with optimized parameters to obtain the best possible achievability

bound for a regularized BAC with feedback.
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Theorem 12. For a given integer M > 2 and € € (0,1/2), the deterministic (I, M,e) VLF

code constructed with the generalized SED coding scheme for the regularized BAC(po, p1)

satisfies

l

loe M log =<+ (C 1 1\ 1—-27¢
S b 2+Cz< )—1_6

C Ci C C) 1-2°0C

Proof. See Section 3.5.2.

(3.45)

[]

Algorithm 3 Original SED Partitioning Algorithm

Require: max;c pi < 775
1 So+{1,2,...,M} and S; + &;
20 mo 1, m <= 0, A= 75 /75, 0 <= A, Pmino ¢ Milyes, pi, and pmin1 < 0;
3: while (6 < —pmin1) || (6 > Apmino) do

4: if 0 < —pmin,1 then

5: J < argminge g pg;

6: So = SoU{j} and Sy <= Si\{j};
7. o < o + p; and m = T — pj;
8: end if

9: if 6 > Apmin,() then

10: J < argminge g pj;

11: So < So\ {j} and Sy « S1 U {j};

12: o < mo — p; and m < 7 + pj;

13: end if

14: 0 <= Ao — T, Pmino < MiNies, Pi, Pmin,1 < Miliegs, P4

15: end while
16: for 1 < 1,2,..., M do

0, ifie Sy
17: Tr; =
1, ifie s

18: end for
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Algorithm 4 Greedy SED Partitioning Algorithm
Require: max;c;y p; < 775

1: j1 < arg max;ciy Pi

2: Syp < {71} and S; + &;

3: mo 4 pj, T 4 0 and A+ 77 /7
4: for s+ 2,3,..., M do

i Js & ArgMAKe )\ (.. jo 1} Pis

6: if 1 Z /\7T0 then

7: So — SoU{Jsh
8: Ty <— To + P,
9: else
10: S1+ S1U{Js}s
11: T < 71+ Pj;
12: end if

13: end for

14: for i < 1,2,..., M do

0, ifie S,
15: Ty =
1, ifie 5

16: end for

In the following, we show that the condition (3.42) required by the generalized SED coding
scheme is always attainable at each time ¢. This is accomplished by solving a particular

minimization problem.

Theorem 13. For a reqularized BAC with capacity-achieving input distribution (w4, 77), let
A= 7t /my € (0,1] according to Fact 1. For a given belief state vector p = [py, pa, .. ., pa]

satisfying max;e(n p; < 7y, define the following objective function f : oMl 5 R:

F(S) ZA(m1(S) = Mo(9)) Limi (s)2amo()) + (AT0(S) = 71(5)) Limy(sy<rmo(syy,  (3.46)
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where mo(S) = 3 ,cq pi and w1 (S) £ > icim\s Pi- Assume S5 C [M] minimizes (3.46). Then,
the partition (S§, [M]\ S§) satisfies (3.42).

Proof. See Section 3.5.3. m

Theorem 13 implies that when all posterior probabilities in p(t) is less than 77, it is always
possible to identify a bipartition of [M] that satisfies (3.42). In fact, the proof of Theorem
13 already reveals such a partitioning algorithm described in Algorithm 3. The algorithm is
initialized with a partition of [M] that fails to meet (3.42) and then successively constructs
a new partition from the previous one that reduces f(S). The termination condition is given

by (3.42). Theorem 13 ensures that the termination will always be triggered at some point.

Finally, we present a greedy SED partitioning algorithm described in Algorithm 4 that
provably meets (3.42). We state this result in the following theorem.

Theorem 14. Let (7§, 7}) be the capacity-achieving input distribution for a reqularized BAC.
Let p = [p1, p2; - - ., pu) be the belief state vector for Algorithm 4 satisfying max;ca pi < 7.
Let (Sy, S1) be the bipartition of [M| generated by Algorithm 4. Then, (So, S1) satisfies (3.42).

Proof. See Section 3.5.4. [

Remark 3. Both Algorithms 3 and 4 have complexity O(M log M), making them not suitable
for practical itmplementation. It still remains open how to further reduce the complexity of
the SED partitioning algorithm for a regularized BAC. Nevertheless, in [AYW20], Antonini
et al. proposed a type-based partitioning algorithm for the BSC based on a relaxed SED
condition with a reduced complexity O(log? M). Simulations show that the coding scheme
based on their relazed SED condition achieves a similar performance as the original SED

coding scheme.

90



3.4 Achievable Rates for BSC With Feedback

In this section, we present our refined non-asymptotic achievability bound for the determin-
istic VLF code constructed with the SED coding scheme for the BSC(p), p € (0,1/2), with
full noiseless feedback. Both Naghshvar et al.’s and our SED coding scheme yield the same

achievability bound. Therefore, the SED coding scheme refers to either of them.

Theorem 15. For a given integer M > 2 and € € (0,1/2), the deterministic (I, M,e) VLF
code constructed with the SED coding scheme for the BSC(p), p € (0,1/2), satisfies

log M + 1log2q  log =t + C 1 1 tlog2¢\ 1--<2°¢
I < ! 425 o e = (3.47)

C C, c oo |12

This result is a consequence of two supporting lemmas. To aid our discussion, let ¢ = 1—p
and let us consider two stopping times for © = i when the log-likelihood ratio U;(t) first

crosses 0 and log %, respectively. Namely,

v; = min{t € N : U;(t) > 0}, (3.48)

1—
7; 2 min {t e N: U(t) > log 6} : (3.49)

€

Clearly, v; < 7;. Equivalently, v; and 7; also represent the stopping times when p;(t) first

crosses 1/2 and 1 — ¢, respectively.

We are now in a position to introduce the two supporting lemmas. First, note that

E[r] = % S Elrle =i < % > Efnle = i (3.50)

where the inequality follows since 7 < 7; for all ¢ € [M]. Next, for E[r;|© = i], it can be

decomposed into

E[7|0 = i] = E[1;]© = i] + E[r; — 14]© = i]

=E[1|0 =] + E[E[r, — 140 =4, U;(1;) = u]|© =1i]. (3.51)
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The intuition behind decomposition (3.51) is that E[;|© = i] corresponds to the average

blocklength in the first communication phase (i.e., Uj(t) traversing from log ip(_o()o) to 0),
and E[r; — 14]© = ¢,U;(v;) = u| corresponds to the expected additional time spent in the
confirmation phase with fallbacks to the communication phase. Here, u represents the value

at which U;(t) arrives when it crosses threshold 0 for the first time.

Our next step is to develop upper bounds on E[v;|© = i] and E[r; — 14|© = i, U;(v;) = u]
that are independent from © = i and U;(v;) = u. We state each upper bound in Lemmas
4 and 5, respectively. Thus, summing up the two bounds will yield an upper bound on

E[7;|© = ], hence an upper bound on E[7] using (3.50).

We remark that the technique for developing an upper bound on E[y;|© = i] makes
use of a surrogate submartingale, thus allowing us to obtain a tighter constant term. In
order to upper bound E[r; — 14|© = i,U;(v;) = ul, we first observe that the behavior of
U;(t) in the confirmation phase can be modeled as a Markov chain with a fallback self
loop on the initial state. This loop represents the probability that U;(t) first falls back to
the communication phase and then returns to the confirmation phase. We first show that
E[r; — v;1© =i, U;(v;) = u] is upper bounded by a particular expected first-passage time on
a generalized Markov chain. Further upper bounding the expected first-passage time yields

the desired upper bound. Detailed analysis can be found in the proofs of Lemmas 4 and 5.

Lemma 4. Fiz a BSC(p), p € (0,1/2). The stopping time v; defined in (3.48) under the

SED coding scheme satisfies

log M + élog 2q
8 :

E[u]0 =] < (3.52)

Proof. See Section 3.5.5. []

Lemma 5. Fiz a BSC(p), p € (0,1/2). The stopping times v; and 7; defined in (3.48) and
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(3.49) under the SED coding scheme satisfy

log 1= + C, 1 1 Llog2¢\ 1— =2
E e Z =1 () = < - € = 2_02 —_— — q 1—e X
[7_7, Vz’@ 1, U'L(Vz) u] ~ Cl + 02 (C Cl + CCQ 1_ 2702

(3.53)

Proof. See Section 3.5.6. O

3.5 Proofs

In this section, we prove our main results.

3.5.1 Proof of Lemma 3

Several steps in the proof of Lemma 3 are analogous to that in [NWJ12|, for instance, the
introduction of the extrinsic probabilities. However, the distinction is that our generalized
SED coding scheme generalizes the analysis in [NWJ12, Appendix A2| which only works for

symmetric binary-input channels.

Let © = i € [M] be fixed. For brevity, let x; be the input symbol for © = i at time
t+1. Let F; = 0{C,Y"} denote the filtration generated by both the codebook C and Y.
Thus, given F; and © = 1, Y}, is distributed according to P(Y'|X = x;). Hence, by letting

r=1-—uz,

E[U;(t 4+ 1) — U;(t)|F, © = i]
- pit +1) pi(t)
= yezy Py x(y|zi) (log 1—pi(t+1) log 11— Pz‘(t))

pi () Py | x (ylzs) ;
- Z Pyix(y|z:) | log 1 e i ™ log —pl( )

__ piO)Pyx (ylz) 1-— pi(t)
yey > wex Tz (t) Py x (ylz)
Py x (yl=:)
=  Pyix(ylz:)log o =i () | 72 (1) _
yey n DX (lTe) + = Prix (v]7)
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Py x (y|;)

= Py x(y|z;) log — 3.54
2 Pl log s~ B ) 354
= D(P(Y|X = 2,)[[P(7)). (3.55)
where in (3.54), we define the eztrinsic probabilities by
N 2,(t) — pi(t)
7o) 2 Tl =) 3.56
Faa(t) & —t 3.57

Clearly, 7., :(t) + 7z,:(t) = 1. Note that 7,,;(t) > 0 because i € S,,(t). In (3.55), Y is the
output induced by the channel (X,Y, Py|x) for an input X distributed as (7o (), 71.4(t)).

Next, Lemmas 6 and 7 play a key role in connecting our generalized SED coding scheme

to the two-stage submartingale in Lemma 3.

Lemma 6. The extrinsic probability 7., ;(t) under the generalized SED coding scheme in Sec.

3.3 for a BAC(py, p1) with capacity-achieving input distribution (w4, 7y) satisfies T, :(t) <

*

7, , where z; is the input symbol for © =i at time t + 1.

Proof. Let i = arg max; ¢y p;(t). We distinguish two cases: p;(t) < 7y and p;(t) > 7.

When p;(t) < 7§, we further discuss two subcases: z; = 0 and z; = 1. If x; = 0, then

i € Sp(t). Invoking (3.42b), we have

To.i(t) — w5 = (g + 77 ) To,i(t) — 75
= mTo,i(t) — mo(1 — 7o,i(t))

= WTﬁO,i (t) - WS%Li (t)

_mm (ml) - ) m)
( )

1 —pi(t) o T
< oM <7T0(t) — minjes,p) p;(t) Wl(t))
~1—pi(t) un i
<0. (3.58)
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If 2; = 1, then ¢ € Si(t). By invoking (3.42a), we show in a similar fashion that

Fall) — T <7T1(t) —pit) Wo(t)>
1= pi(t) T )
momi [ m(t) —minges @) pi(t)  mo(?)
—1—pi<t>< i om )
<. (3.59)

Therefore, Lemma 6 holds for p;(¢) < 7.

When p;(t) > 7%, by the encoding rule, S)(t) = {i} and Sy(t) = [M]\ {i}. If i = i, then
Si(t) = {i} and Sy(t) = [M]\ {i}. Thus, 71,;(t) = 0 < 7% If i # i, then i € Sy(t). Since
m(t) = p;(t) > =7, it follows that my(t) < ;. Combining with the fact that 7 ;(t) < mo(t),

we conclude that 7 ;(¢) < 7. Therefore, Lemma 6 also holds in this case.

Summarizing the above two cases, we conclude that Lemma 6 holds in general. O

Note that Lemma 6 does not require that the BAC be regularized. However, the regu-
larized BAC is needed when we prove (3.44b). Next, we borrow a useful lemma on the KL

divergence proved in [NJW15|.
Lemma 7 (Lemma 1, [NJW15|). For any two distributions P and Q on a set Y and a €

0,1], D(P|laP + (1 — «)Q) is decreasing in .

By Lemma 7, let P = P(Y|X =), Q = P(Y|X = 7;), and o = 7, ;(t). Then, (3.55)

is lower bounded by

D(P(Y|X =,)|P(Y)) = D(P||aP + (1 — a)Q) (3.60)
> D(P||7}, P+ 7 Q) (3.61)
=C, (3.62)

where (3.61) follows from Lemma 6 and (3.62) follows from Fact 2. Therefore, with the

generalized SED coding scheme, it always holds that
ElUi(t +1)|F,© = 1] > Uy(t) + C. (3.63)
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As a result, (3.44a) is proved.

In particular, if U;(¢) > 0, this is equivalent to p;(t) > 1/2 and thus ¢ is the index with the
maximum posterior. Using Fact 1 that m} < 1/2, it follows that max;c p;(t) = pi(t) > 7.
Thus, according to the generalized SED coding scheme in Sec. 3.3, the message set [M] is
exclusively partitioned into Si(t) = {i} and Sy(t) = [M] \ {i}, resulting in 7 ;(¢) = 0 and

D(P(Y|X =,)||P(Y)) = D(P(Y|X = 1)|P(Y|X =0))

where (3.64) follows from Fact 3. Therefore, (3.44b) is proved. We also remark that for
)/t-f—l =Y,

Pyix(y|1)
Py x(y[0)’

Hence, C; can be thought of as the average drift of U;(¢) whenever U;(t) > 0.

Us(t + 1) = U(t) + log it Uy(t) > 0. (3.65)

To prove (3.44c), we note that when Y;,; =y, by (3.15),

, — U(t)] = |log ————— — log ———~—
Ut +1) = Uit)] = Jlog 7= =35 —los 7= 5

~iog ( PO Prix(ylor)  1- m(t)) '

pi(t+1) pi(t) ‘

> iz PO Prix(Wlreay)  pit)

= llog Pyx(y|Ti11,)) | (3.66)
e P Pl
< log max,ex Pyx (y|r) (3.67)
= mingcy Py x (y|z)
Hence, we have
maxex Py|x(y|z)
U;(t+1) — U;(t)| < maxlog — )
Ui ) ()l yeY & miNgey PY|X(y|$)
— 0, (3.68)

which completes the proof of (3.44c).
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3.5.2 Proof of Theorem 12

The proof of Theorem 12 involves a submartingale synthesis with optimized parameters
(Lemma 8) and a variant of Doob’s optional stopping theorem (Lemma 9). We estab-
lish auxiliary Lemmas 11 and 10 to show that the sufficient conditions in Lemma 9 hold.
Throughout the proof, we fix © = ¢ € [M] to avoid writing the conditioning © = i unless

otherwise specified.

Let the sequence {U;(t) }$2, be the two-stage submartingale defined in (3.44) with respect
to filtration {F;},°, as a result of the generalized SED coding scheme over a regularized
BAC(pg, p1). Let us consider a sequence {n(t)}:°, defined as

Uit .
o) 2 AT g U < 0, 5.69)
—Ae=Ui® + B ¢ i Uy(t) > 0,
where s > 0 and A > 0 are two parameters to be chosen. This particular sequence is
originally considered by Burnashev and Zigangirov that facilitates a general upper bound on

the expected stopping time |[BZ75, Eq. 4.9]. For our purposes, we require that parameters s

and A meet the following two equations,

1 1
A 1 _ —SCQ _ - — *
(1—e Oy — (C 01) 0, (3.70)
pre” G 4 (1 p)e R = 1 (3.71)

The motivation behind these equations is to select the best parameters that make {n()}:,
just a submartingale. This will become clearer as our proof proceeds. Solving (3.70) and

(3.71) yields
s =1In2, (3.72)

0y (11

Lemma 8. The sequence {n(t)}2, with parameters s and A satisfying (3.70) and (3.71)

forms a submartingale with respect to the filtration {F};2,.
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Proof. We will show that E[n(t + 1)|F:] > n(t). There are two cases.

Case 1 (U;(t) < 0): there are two subcases. If U;(t+1) > 0, then from (3.44c), U;(t+1) <
(5. Consider the function

1 1

F(z) 2 A— Ao — (5 - a) x, (3.74)

where s and A satisfy equations (3.70) and (3.71). Since f(0) =0, f(C3) = 0 due to (3.70),
and f(x) is a concave function, it follows that f(z) > 0 for z € (0,C5). Let U;(t + 1) play
the role of z. Using f(U;(t + 1)) > 0, we obtain

n(t+1) = —Ae sVit+ 4 %Tl) —(t+1)
> —A+ % —(t+1). (3.75)
If Uj(t +1) <0, then

nit+1)=—-A+ w —(t+1). (3.76)

Hence, regardless of the sign of U;(t + 1), it holds that
Efy(t + 1)|F] > E[ A+ % —(t+1) J—“t] (3.77)
> A+ —Ui(t)cf ¢ 4 (3.78)
=n(?), (3.79)

where (3.78) follows from (3.44a).

Case 2 (U;(t) > 0): there are two subcases. If U;(t+1) < 0, using f(x) defined in (3.74),
f(Ui(t+1)) < 0. Therefore,

Uit +1
nit+1)=—-A+ % —(t+1) (3.80)
> —Ae~UiltHD) 1 Gl (t+1). (3.81)
&
n(t+1) = —Ae sViltHD 4 % —(t+1). (3.82)
1
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Hence, regardless of the sign of U;(t + 1), it holds that

Ui(t+1
E[n(t+1)|F] > ]E[ — Ae~Uil+D 4 % —(t+ 1)‘?4 (3.83)
1
E[Ui(t +1
1

—slog -PL_ _ —p1 (T
_ —A<p1€ slog T—ro (1 —p1>€ slog 1p0 )e_sUi(t) 4 UZ_() —¢ (385)

Cy
= (1), (3.86)

where (3.85) follows from (3.44b) and (3.65), and (3.86) follows from (3.71).

Summarizing the above two cases, we conclude that E[n(t + 1)|F,] > n(t). O

Next, we follow [BZ75] to prove a variant of Doob’s optional stopping theorem which
will be useful in proving the main result. For a given submartingale {U(¢)}:°,, the original
Doob’s optional stopping theorem [Wil91, Sec. 10.10] requires that the stopping time T
satisfy E[T] < oo and |U(t 4+ 1) — U(t)| be bounded. In contrast, we show that if 7" is an
upper-threshold-crossing stopping time, then it suffices to ask for T' being a.s. finite and
|U(t + 1) — U(t)| being bounded.

Lemma 9 (Variant of Doob’s Optional Stopping Theorem). Let {U(t)},2, be a submartingale
with respect to filtration {F},2, satisfying |U(t+1) —U(t)] < K for some positive constant
K. Let T = min{t : U(t) > ¢}, ¢ > 0 be a stopping time and assume that T is a.s. finite.
Then,

U(0) < E[U(T)]. (3.87)

Proof. Let t AT = min{t, T}. From the martingale theory [Wil91, Sec. 10.9], if {U(#)}2, is
a submartingale, then the stopped process {U(t A T')}{2, is also a submartingale. Thus, we

obtain

U(0) < E[U(EAT)] (3.88)

< lm E[U(t A T)) (3.89)
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< E[lim U(tAT)] (3.90)

=E[U(T)].
In the above,

e (3.88) follows from applying Doob’s optional stopping theorem [Wil91, Sec. 10.10] to
the stopped process {U(t AT')}22,.

e (3.89) follows from that E[U(t AT)] < E[U((t+ 1) AT)] for submartingales. This can

be seen by noting that

E[U((t+1)AT)]|—E[UtAT)]

=E[(U(+1) =U0)irziiy] + E[0 - Lirany]
=E[E[U(t+1) = Ut)Lirzeey | F]]

= E[Lironn E[(U( +1) — U(#))|F]]

>0

where the last step follows from submartingale property E[U(t + 1)|F] > U(t).

e (3.90) follows from the fact that U(t AT') is uniformly bounded above, the assumption

that T is a.s. finite, and the reverse Fatou’s lemma.

This concludes the proof of Lemma 9. O

In the next two lemmas, we show that the sufficient conditions in Lemma 9 indeed holds

for the submartingale {n(t)}°, in Lemma 8.

Lemma 10. Let {U(t)}:2, be the submartingale in (3.44) with respect to filtration {F;}52,.
Consider the stopping time T = min{t : U(t) > ¢}, where { > 0 is some constant. Then,
P{T < oo} =1. Namely, T is a.s. finite.
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Proof. We first recall Azuma-Hoeffding inequality for a general submartingale {£(¢)}52,: If
{&(t)}52, is a submartingale that satisfies |£(t+ 1) — &(t)| < K for all t > 0, then for a given

o >0,

2{E(t) —£(0) < =0} <exp (%}‘;) : (3.91)

Let us consider &£(t) £ % —t. We show that {£(t)}52, is also a submartingale with respect

to filtration {F;}:°,. Specifically, if U(t) < 0, then

E[£(t +1)|F] = E[U(tgl)m] —(t+1) (3.92)
> % (1) (3.93)
= £(1). (3.94)

If U(t) > 0, using the fact that C) > C, we can also show that E[£(t 4 1)|F;] > £(t). Hence,

{&(t)}52, is a submartingale with respect to filtration {F;}$°,. Furthermore, for any ¢ > 0,

Ut+1)—U(t)
C

—1‘ <% (3.95)

(1)~ 0 = | .

Let K = % + 1 for shorthand notation. Thus, appealing to Azuma-Hoeffding inequality
(3.91),

DU < (t—a)c+U(0)}zgz{@—t—@ < —0} (3.96)
= 2{£) —£(0) < -0} (3.97)
< exp (2;[0(2) : (3.98)
Equating ( = (t —0)C + U(0) yields 0 =t — %(0), t> ic(o). Hence,
—(t— C*_U(O))2
P{U) < ¢} <exp ( Mg ) (3.99)
= exp (—# + O(t1)> : (3.100)
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It follows that

Jim Z{U(t) <(} < Jim exp (—% + O(tl)) =0. (3.101)
This implies that
P AT = 0o} = lim & (ﬂ {U(k) < g}) (3.102)
k=1
< Jim 2 {U() < ¢} (3.103)
= 0. (3.104)
Namely, Z {T' < oo} = 1. O

Lemma 11. The sequence {n(t)}°, with parameters s and A satisfying (3.70) and (3.71)
has the property that the difference between n(t + 1) and n(t) is absolutely bounded. More
specifically,

2C!
In(t+1) —n(t)] < A+72+1. (3.105)

Proof. We distinguish four cases.

Case 1: U(t) < 0 and U;(t + 1) < 0. In this case,

e +1) — (o)) = | POy
< e n-ve
&
<+l (3.106)

Case 2: U;(t) < 0 and U;(t + 1) > 0. In this case, U;(t + 1) < Cy by (3.44c), and

U(t+1)  U(t)

1) — = [A(1 — e~ sUilt+D) — —1
In(t+ 1) —n(t)| (1—e )+ c C
<Al —e %) 4+ % + 1. (3.107)
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Case 3: U;(t) > 0 and U;(t + 1) < 0. In this case, U;(t) < Cy by (3.44c), and

Ut +1)  Uy(t)

_ — —sUi(t) _ — _
In(t+ 1) — n(t)] ‘A(e 1)+ c c, 1‘
_sU, Ut +1) — Uy(t) 11
< _ SUZ(t) - .
<All-e | + o & c Ui(t)| +1
_ Cy 1 1
< —e) 4 24 - . :
<Al-—e )+O+<C 01)02+1 (3.108)

Case 4: U;(t) > 0 and U;(t + 1) > 0. In this case,

Int+1) —n(t)| = ‘—A(e_SUi(H‘l) _ e—sU,L-(t)) n 2 B 1‘
1
< Alems Ut _ sV 4 Uit +1) ~ Uit)]
Ch
—sC! CZ
sAl=eT g b (3.109)
1

where (3.109) follows from the inequality |e™*¥ — e™*%| < 1 — e~slv==l for s > 0, x > 0 and

y>0.

Note that the upper bounds in (3.106), (3.107), (3.108) and (3.109) are no greater than
A+ % + 1. The proof is completed. n

We are now in a position to derive a non-asymptotic upper bound on E[7]. Let us consider

the stopping time

]_ _
7, 2 min {teN:Ui(t) > log 6}. (3.110)
€

Lemmas 10 and 11 indicate that the submartingale {n(t)}:°, in (3.69) with parameters s
and A given by (3.72) and (3.73) and the stopping time 7; in (3.110) meet the conditions in

Lemma 9. Hence, by Lemma 9,

n(0) < E[n(r;)|© = 1]
Uilr) _

—E|—A —sU;(m4) +
e c,

T‘@ - z] (3.111)
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< —Aeslos TG 4 log%c%@ —E[r;|© =], (3.112)

where (3.112) follows since
ElUi(7)] = E[Ui(m: — )] + E[Ui(7:) — Us(7i — 1)] (3.113)
<log =S 10 (3.114)

Rewriting (3.112) and substituting s and A with (3.72) and (3.73) respectively yield
I log % + CQ

E[r;|© = i] < —Ae*(o8 7=+C2) —7(0)
Cy
e log :=¢ + C, U;(0)
— _A —s(log 15 +C2) € A=
‘ T YT
log M log =5 +Cy 1 1\ 122

< . O\ ) 5 3.115
C + Cl + 2 C Cl 1 _ 2_02 I ( )

where we have used the fact that U;(0) = —log(M — 1) < 0. Finally,

1 & 1 &

E[r] = M;E[Tl@zﬂ < M;E[n\@:z‘], (3.116)

where the last inequality follows since 7 < 7; for all ¢ € [M]. Finally, combining (3.115) and
(3.116) completes the proof of Theorem 12.

3.5.3 Proof of Theorem 13

We prove Theorem 13 by contradiction. Let S§ C [M] be an optimal subset of [M] that
minimizes f(S5) in (3.46). If the partition (S§,[M]\ S;) does not meet (3.42), one can
construct another subset S, C [M] from S§ such that f(S5() < f(S§), thus contradicting the

assumption that S§ minimizes f(S5).
Assume that the partition (5§, [M]\ S;) does not meet (3.42), there are two cases.
Case 1: the partition (Sg,[M]\ S5) satisfies Amo(S5) — m1(S5) < — mingeam sz pi- Let
= argming ) gx pi- Then,

F(S5) = Mmi(S5) — Amo(Sg)) > Apis. (3.117)
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Consider a new subset S) = Si U {i*}. Next, we show that f(Sj) < f(Sz). There are two
subcases. If m(S)) > Amo(S)), then

F(Sh) = A(mi(Sg) — Amo(Sp))
= A(m(Sg) = pir — Amo(Sg) — Apir)
< A(m1(Sg) — Amo(Sg)) (3.118)
= f(55),

where (3.118) follows since all elements in p remain strictly positive during Bayes’ update.
If m(S)) < Amo(S)), then
F(Sp) = Amo(Sp) — m1(Sp)

= AM(m0(S5) + pir) — (m1(S5) — pir)

= Api= — (m1(S5) — Amo(S5) — piv)

< F(S0), (3.119)
where (3.119) follows from the assumption that Amo(Sg) —m1(S5) < —pi- and (3.117). Hence,
the optimality assumption of S is contradicted in Case 1.

Case 2: the partition (S5, [M]\ Sj) satisfies A\mo(S5) — m1(Sg) > Amingegs p;. Let i* =

arg miniesg pi- Then,

Consider a new subset S§ = 53\ {i*}. We next show that f(S}) < f(Sg). There are two
subcases. If m(S)) > Amo(S)), then
J(S5) = A(m () = Amo(Sp))
= A\pir — AM(Am0(S5) — m(S5) — Apir)
< 1(S5), (3.121)
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where (3.121) follows from the assumption that Am(Sg) — m1(S5) > Api and (3.120). If
m(Sy) < Amo(S}), then

£(85) = Amo(Sg) — m1(Sp)
= A(mo(S5) — pie) — ma(S5) — pie
< Amo(Sp) — m(S5)
= £(S2). (3.122)

Hence, the optimality assumption of S is contradicted in Case 2.

In summary, we have shown that if the partition (Sg, [M]\ S§) does not meet (3.42),
the optimality assumption of S§ will be contradicted. Therefore, the partition (Sg, [M]\ Sg)
must satisfy (3.42). This concludes the proof of Theorem 13.

3.5.4 Proof of Theorem 14

Let us write 7" and 7 to denote the probabilities of S{” and S\* at iteration s, s =

1,2,..., M. We prove Theorem 14 by induction.

Base case: For s =1, 7T((]1) = pj, and 7T§1) = 0. Clearly,

M) — m = Apj, € [0, Mp;,). (3.123)

Hence, 7T(()1) and 7T§1) meet the condition in (3.42).

Inductive step: Assume that for s = k, (3.42) holds for Wék) and 7T§k). We will show that

(3.42) will also hold for ﬂékﬂ) and 7r§k+1). There are two cases.

Case 1: W%k) > )\W(()k). According to Algorithm 4, W(()k+1) = W(()k) + pj,., and 7T§k+1) = 7T§k).
Meanwhile, p;, ., = miniesék+l) p; and miniesik) pi = miniesgkﬂ) pi. Therefore,
)\ﬂ_(()k-l-l) N ﬂ{k-&-l) _ ()\W(()k) N ﬂ_gk)) + )\pjk,_H
<A min p;, (3.124)

ies{Fr
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and

k+1 k+1 k k
A — ) = (3 — ) 42,

> — ] i .
Hence, (3.42) holds for 7T(()k 2 and W%k 2 in Case 1.

(k+1) (k)

Case 2: 7T§k) < Awék). According to Algorithm 4, 7, =, and ﬂ’““) (k)

=T+ Pjryar-

Meanwhile, p;, ., = Min, (k1) P; and mmiesék) pi = mmies(()kﬂ) pi- Therefore,

k+1 k+1 k k
My =Y = (g =) = i

<A min p;, (3.126)

ies{Ft

and

k+1 k+1 k k
e ) S

> — z‘eﬁg&“ Pi- (3.127)
Hence, (3.42) holds for 7T(()k+1) and 7" in Case 2.

(k+1)

In summary, (3.42) holds for and 7T§k+1)

at iteration s = k + 1. Therefore, when
the algorithm terminates, a bipartition of [M] will be formed and the corresponding W(()M)

and WEM) will satisfy (3.42). This completes the proof of Theorem 14.

3.5.5 Proof of Lemma 4

The proof of Lemma 4 includes a construction of a surrogate submartingale and an applica-

tion of the variant of Doob’s optional stopping theorem (Lemma 9).

Let z; be the input symbol for © =i at time ¢t + 1 and define z; £ 1 — z;. Following the
derivation of (3.54), for Y11 = v,

pi(t+1)

Uit +1) = log 20
(t+1) Bt 1)

(3.128)
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PY|X(Z/‘5U¢>
> wex Taoi(t) Pylz)’

where 7, ,(t), x € {0,1}, are the extrinsic probabilities defined in (3.56) and (3.57). For

= U;(t) + log (3.129)
brevity, let us define the instantaneous step size

Pyix (ylz;)
erX ﬁ:}c,z@)P(y’w) .

From previous analysis in Section 3.5.1, we showed in (3.62) that with the SED encoding

w;(t,y) = log

(3.130)

rule,
E[W;(t,Y)|F] > C. (3.131)

where C'is the capacity of the BSC(p).

Here, we seek a surrogate submartingale U!(t) satisfying the following two conditions:
1. Vt > 0 and V', U/(t) < U;(t) with U/(0) = U;(0);
2. ElU/(t+ V)| FR]=U/(t)+C.
The motivation behind Condition 1) is that if we consider stopping time
v, = min{t : U/(t) > 0}, (3.132)

then, Condition 1) implies that v; < v..

Construction of {U/(t)}2,: Let U;(0) = U;(0). For t > 0 and Y11 = v,

Ui(t +1) = Uj(t) + wi(t,y), (3.133)
where wi(t,y) is defined as
wi(t, 2;) £ log 2Py x (x|z;) — log R — (3.134)
| Prix(aili) ~° Ypex Fai () P(3i]2)
1/2

2 wex Tai(t) P(Til )
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We see that the only distinction between wj(t,y) and w;(t,y) defined in (3.130) lies in

wi(t, x;) # w;(t, x;). We now show that {U](t)}2, in (3.133) indeed satisfies the two condi-
tions aforementioned. First,

E[W/(t,Y)|F] = Pyix(x|z)wi(t, ;) + Pyx (T z)wi(t, T;) (3.136)

= Py|x(wi|z;) log 2Py x (x;]2;) + Py x (Zi|x;) log 2Py x (T;]x;) (3.137)

= C. (3.138)

This implies that {U](t)}:°, is a submartingale satisfying Condition 2). Specifically, E[U/(t+

DRl =Ut) +C.
Next, we show Condition 1) also holds for {U}(t)}$2,. Note that the only difference

between w;(t,y) and wi(t,y) is when y = z;, thus, it suffices to show wi(t,z;) < w;(t, x;).

Indeed,

1/2

o > per ri(t) Plai]e)
> log 2Py x (x;|x;)+ log _

T Prix (wl ) 3 per Fai (D) P (i)

Py x (Z;]2;) > verx Tai(t)P(z4]|2)

> log 2P |z, 1 S . 1
e T T 1)
= wi(t, z;), (3.140)

where (3.139) follows from the inequality below. Let us use the shorthand notation 7, ,; =

72.i(t), p = Py|x(Z|z) and ¢ = Py|x(z|z). Then,

A~ =

with equality if and only if 7,,; = 1/2. Note that by Lemma 6, 7,,,(t) € [0,1/2] for
the BSC. As a result, Y, 7.;(t)P(Zi|x) = —(¢ — p)7e,i(t) + ¢ € [1/2, 4], implying that
wi(t, ;) > log2q > 0. Thus, wi(t,y) < w;(t,y) for y € {0,1} and Condition 1) follows.

Finally, we apply Lemma 9 to the surrogate submartingale {U/(t)}{2, to obtain an upper

bound on E[/]. Observe that for any ¢ > 0 and ¢,

wit, y)| < Jwi(t, y)] < Co. (3.142)
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Figure 3.2: An example of the generalized Markov chain with initial value u, u € [0,C5),
assuming that U;(t) arrives at u when crossing threshold 0 and remains nonnegative all the
time. The value beside each branch denotes the transition probability. The value inside the

jth circle represents the unique active value in S;, j € [n].

Hence, the conditions in Lemma 9 are met.

Consider a normalized sequence {n(t)}:2, defined as

n(t) = @ —t. (3.143)

It is straightforward to show that {n(t)}{2, is a martingale with the difference |n(t+1)—n(t)|

bounded from above. Therefore, by Lemma 9,

T o)
< E[n(v))]
_ B U6 = D]+ BUIGL = 1) gy
_ W W (3.144)
_ %locg 29 B (3.145)

where (3.144) follows from the fact that U/(¢) has to cross the threshold 0 from t = v/ — 1 to

t = v/ and that w(¢, ;) is the only positive step size, (3.145) follows from the fact that

1/2 1
wi(t, z;) <log2q — b log 1/2 = —log 2q. (3.146)
q q q
Combining (3.145) with the fact that v; < v/,
llog2q log AL
E[v] <E[y] < * 5 - g”M (3.147)
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log M + %log 2q

< C

(3.148)

This completes the proof of Lemma 4.

3.5.6 Proof of Lemma 5

The proof requires several steps. First, we show that when U;(¢) > 0, the behavior of U;(t)
can be modeled as a Markov chain with a fallback self loop. This self loop represents the
probability that U;(t) first falls back to the communication phase and eventually returns
to the confirmation phase. Next, we show that E[r; — 14|© = ¢,U;(v;) = u] can be upper
bounded by the expected first-passage time from the initial state to the terminating state on
a generalized Markov chain. Further upper bounding this expected first-passage time yields

the desired upper bound.
Let ¢ = 1 —p. For BSC(p), p € (0,1/2), by Fact 3, Cy = log(q/p) and C; = (¢ — p)Cs.
In the following analysis, we fix © = i € [M] unless otherwise specified.

Recall that with the SED coding scheme, the one-step update for U;(t) when U;(t) > 0
is given by (3.65). In the case of BSC(p), we have

Uit + 1) = Uy(t) + W, (3.149)

where W = C, with probability ¢ = Py|x(1|1) and W = —C, with probability p = Pyx(0[1).
Assume that U;(v;) = u € [0,C5). Clearly, the behavior of U;(t) is a Markov chain with initial

value u, provided that U;(t) > u for all t > v;.

Unfortunately, the above Markov chain is too simple to capture the reality. First, U;(¢)
can fall back to the communication phase (i.e., U;(t) < 0) at some time t' where ¢ > ;.
Second, if U;(t) falls back and then returns to the confirmation phase at time ¢, t” > v;, the

value at which U;(t"”) > 0 might be different from u.

Nevertheless, we make two important observations. First, the prior probability that

U;(t) falls back to the communication phase is p. Given that U;(t) falls back, the conditional
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probability that U;(t) eventually returns to the confirmation phase is 1, since 7; is a.s. finite
by Lemma 10. Hence, the transition probability from the initial state value u at which U;(t)
falls back to another initial state value v’ at which U;(t) returns is p. Second, assume u is
the initial value when U;(t) first enters the confirmation phase. By (3.149), the subsequent
values that U;(t) assumes are of the form u + jCy, j € N, provided that U;(t) > 0 all the

time. These observations motivate the definition of a generalized Markov chain.

Definition 4. Let Sy = [0,Cy) represent the set of values of U;(t) when transitioning from
below 0 to above O for the first time. Let n £ fCiQ log :=¢1. Define S; £ [jCs, jCs + Co),

j € [n]. The generalized Markov chain consists of a sequence of states Sy, Sy, - . . , Sy, satisfying

P{811|S;} & Prp(u+ Cslu), ue S;, 0<j<n-—1,
P{8;118;} & Prp(u— Colu), ue S;, 1 <j<n,

P {S|So} & P(V € S|U = u), u € Sy,

PSS} £ 1,

where if u € Sp, P(V € S|U =u) =p and P(V =u+ColU =u) =q. IfuesS;, j>1,
PV =u+Cs|U =u) =q and P(V =u+ C3|U =u) = p.

The distinction between the generalized Markov chain and a conventional Markov chain
discussed above is that each state is an interval rather than a single value. However, as soon
as U;(t) > 0, only a single value in each set S; remains active and is uniquely determined
by the initial value in Sy. Specifically, if the initial value is u, then the only active value in
S; is given by u + jCy, j € [n]. For this reason, each state S;, albeit defined as an interval,
resembles a “single value”, and one can directly define transition probabilities between two
consecutive states. Fig. 3.2 illustrates an example of the generalized Markov chain with an

initial value u € [0, Cs).

Let us consider a new stopping time

7+ & min {t: {UCSI)J > FOgC:;H (3.150)
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By definition, 7;* is independent from the initial value U;(t) — |U;(t)/C2]Cy and is achieved

whenever U;(t) enters S, for the first time. Moreover,

Ui(77) Us(77) log 1=¢ log =<
(A > (A > € > € . .1 1
Cy = { G, || G | TG (3.151)

Hence, by definition of 7; in (3.49), we obtain
T < T (3.152)
This implies that
Elr — 110 =i, Ui(v;) = u] < E[r] — 14|10 =1, U;(v;) = u). (3.153)

Note that E[r;* — 1;|© = i, U;(v;) = u] represents the expected first-passage time from initial
state u € So when U;(t) first crosses threshold 0 at time v; to state S,,. In Appendix 3.9.3,

the time of first passage analysis shows that

10 — i Ul — ol — — p _(P\" 2%
E[r; VZ|@—Z,UZ(V1)—U]—1_2p+1_2p(1 <q>)<AO 1_2p> (3.154)

~ nCy 2-C2 CnCy Cy
= + - 2702(1 -2 ) (AO 1 Cl) , (3.155)

where Ag represents the expected self loop time of U;(t) from Sy to Sy. Assume that after
fallback, U;(t) = u — Cy < 0. Following (3.145) in Section 3.5.5, we immediately obtain

(0820 w-Gy

Ag <1 3.156
os 1+ C C ( )
Llog2¢+ Cy —u
— 14 1 : (3.157)
C
Llog 2¢ + C.
o N ey (3.158)
C
Substituting (3.158) into (3.155) yields
1
* . nCsy _C 1 1 g log2q\ 1 — 2—nC2
Elr* — 1|0 =4. U (1) = u]l < —= 27 = — — . 1
77 — 14|10 =1, U;(v;) = u| < c, + Cy <C c + e, oG (3.159)
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Using n = (c% log =51 < C% log :=¢ + 1, we obtain the desired upper bound
. ‘ log 1=¢ 4 Cy o1 1 glog2g) 1— ;=27
E[r) — 1|0 =i, Ui(v;) = u] < T+022 2 (6—a+ oo, > e
(3.160)

Combining (3.153) and (3.160) completes the proof of Lemma 5.

3.6 Numerical Simulation

In this section, we simulate the performance of the generalized SED coding scheme in Sec.
3.3 for a regularized BAC(py, p1) with full noiseless feedback. The empirical rate is computed
with (3.12). The achievability bound on rate can be obtained from the non-asymptotic upper
bound on E[r]. We consider target error probability ¢ = 1073 and a regularized BAC and
a BSC both with capacity 1/2. In each case, we compare the empirical rate attained by
the SED coding scheme with our VLF achievability bounds and with previous achievability

bounds.

3.6.1 The Regularized BAC with Feedback

Consider the target error probability ¢ = 1072 and the regularized BAC(0.03,0.22) with

feedback. Using Facts 1 and 3, one can compute

C=05C,=31954, Cy=4T. (3.161)

For € = 107 and the BAC(0.03,0.22) with feedback, Fig. 3.3 shows the empirical rate
achieved by the generalized SED coding scheme, along with the VLF converse bound in The-
orem 11, our VLF achievability bound in Theorem 12 and Polyanskiy’s VLSF achievability
bound in Theorem 10 evaluated with (3.36), (3.37). Since the generalized SED partitioning
algorithm has an exponential complexity in message length k, we were only able to simulate

message lengths k& from 1 to 20. We see in Fig. 3.3 that the empirical rate achieved by
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Figure 3.3: The rate as a function of average blocklength for the BAC(0.03,0.22) with
noiseless feedback. Target error probability e = 1073, In this example, the message length k

in the simulation ranges from 1 to 20.

the SED coding scheme is much better than our VLF achievability bound, implying that
there is still room for improvement. Nevertheless, our VLF achievability bound outperforms

Polyanskiy’s VLSF achievability bound as desired.

3.6.2 The BSC with Feedback

Consider the target error probability ¢ = 1073 and the BSC(0.11) with feedback. Using
Facts 1 and 3,

C =05, C;=23527, (Cy=3.0163. (3.162)

One can verify that this setting satisfies the technical conditions in [NJW15|. Thus, by
Theorem 18 of Naghshvar et al.,

< log M + loglog M

Elr] < 0.5

+ 5352.67, (3.163)
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Figure 3.4: The rate as a function of average blocklength over the BSC(0.11) with noiseless

feedback. Target error probability € = 1073.

which turns out to be an extremely loose upper bound on E[r]|. The corresponding achiev-
ability bound even falls out of the average blocklength region of interest, thus is omitted

from the simulation plot.

For ¢ = 107 and BSC(0.11) with feedback, Fig. 3.4 shows the empirical rate achieved
by the generalized SED coding scheme, along with the VLF converse bound in Theorem 11,
our refined VLF achievability bound for BSC in Theorem 15, the VLF achievability bound
for the BSC in Theorem 12, Polyanskiy’s VLSF achievability bound in Theorem 10, and
the VLF achievability bound in Corollary 1. Thanks to Polyanskiy, we directly evaluate the
VLSF achievability bound in Theorem 10, rather than using relaxations in (3.36) and (3.37).
Due to the exponential complexity of the SED partitioning algorithm, we were only able to

simulate message lengths k from 1 to 20.

Despite that Corollary 1 is a better result compared to Theorem 18, the resulting VLF

achievability bound still falls beneath Polyanskiy’s VLSF achievability bound. In contrast,
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our VLF achievability bound in Theorem 12 exceeds Polyanskiy’s VLSF achievability bound
in Theorem 10 as desired. Indeed, this should be expected since a system that employs
full noiseless feedback should perform better than a system that employs stop feedback. In
particular, our refined VLF achievability bound for the BSC in Theorem 15 is a further

improvement compared to Theorem 12.

3.7 Implications on the Reliability Function

In this section, we show that for a regularized BAC with feedback, the deterministic VLF code
constructed with our generalized SED coding scheme described in Sec. 3.3 asymptotically

achieves both capacity and Burnashev’s optimal error exponent.

Let ¢ be a variable-length coding scheme such that for each positive number [, one out
of M., equiprobable messages is transmitted at an error probability P, and with an average
blocklength E, [7]. We say that the scheme ¢ achieves rate R if for any small numbers § > 0,

e € [0,1) and all sufficiently large [, the following three conditions hold:

P.. <e (3.164a)
M, > 2= (3.164b)
E,[r] <. (3.164c)

Furthermore, if the scheme ¢ satisfies (3.164b), (3.164c) and a stronger condition

P, <271E0), (3.165)

for some positive real number E, then we say the scheme ¢ achieves error exponent E at rate

R.

We invoke a general result from [NJW15] to show our claim.

Lemma 12 (Lemma 4, [NJW15|). Suppose that we have a VLF coding scheme ¢ that for

each message size M € Ny and each positive € € (0,1), satisfies P.. < € with expected
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stopping time

logM log?
E.[r] < (;g. +%) (1+0(1)) (3.166)

for some positive numbers Eyin and Ry, where o(1) — 0 as € — 0 or M — oo. Then, the

scheme ¢ can achieve any rate R € [0, Ryn) with error exzponent E, if

R
E<FEpnll-— . 3.167
o ( Rmin) ( )

Observe that in Theorem 12 and Theorem 15, both upper bounds can be relaxed and

written in the form of

logM log!l K(C,Cy,Ch)

£ 3.168

c o o, (3.168)

where K(C,C1,Cs) is a constant that only relies on C, Cy, Cy. Hence, for sufficiently large
M or sufficiently small e,

K(C,Cy,Cy) - CilogM +Clog ¢  logM N log
cCy - ccy e Cy

Another way to write the above inequality is that

K(C,Cy, Cy) log M log ¢
- <) o(1
ceh ( ot )W

(3.169)

where o(1) — 0 as € — 0 or M — oco. This implies that the non-asymptotic upper bounds
in both Theorem 12 and Theorem 15 meet the condition in Lemma 12. Therefore, the SED

encoding scheme can achieve any rate R € [0, C] with error exponent

R
E<C (1 - 5) , (3.170)

thus the claim is proved.

3.8 Conclusion

In this chapter, we proposed a generalized SED coding scheme for the regularized BAC with
full noiseless feedback. For a BSC with feedback, our generalized SED coding scheme is a

118



relaxation of Naghshvar et al.’s SED coding scheme. This chapter develops a non-asymptotic
VLF achievability bound for the deterministic VLF code constructed with the generalized
SED coding scheme. For the BSC, we develop another refined VLF achievability bound
using a two-phase analysis. Numerical evaluations show that our VLF achievability bounds
outperform Polyanskiy’s VLSF achievability bound as desired. In summary, the SED coding

scheme is a powerful tool that helps facilitate stronger VLF achievability bounds.

Two important technical ingredients lead our generalized SED coding scheme to a non-
asymptotic VLF achievability bound that asymptotically achieves both capacity and Burna-
shev’s optimal error exponent. The first ingredient is that our scheme guarantees that at each
time ¢, the extrinsic probability 7., ;(t) for the input symbol x; associated with the trans-
mitted message © =i € [M] is always upper bounded by 7} ; see Lemma 6. This is key to
achieving capacity C. The second ingredient is that for regularized BAC, 0 < 77 < 1/2 and
transmitting input symbol 1 achieves Cy i.e., D(P(Y|X = 1)||P(Y|X =0)) > D(P(Y|X =
0)||P(Y|X = 1)). This guarantees that once the transmitted message © = i has posterior
probability at least 1/2, our scheme exclusively partitions the message set [M] into S; = {i}

and Sy = [M] \ {i}, thus achieving the C constant.

However, the challenge for extending the SED coding scheme to an arbitrary binary-
input DMC (B-DMC) mainly lies in the second technical ingredient. Namely, does the input
symbol z € {0,1} that achieves C) constant satisfy 7% < 1/2 for an arbitrary B-DMC?
Unfortunately, we discovered counterexamples that give a negative answer to the above
problem. For example, consider the following B-DMC with X = {0,1}, Y = {0, 1,2}, and

transition matrix

0.5645 0.3687 0.0668

0.3714 0.0212 0.6074] (3.171)

The capacity-achieving input distribution identified by the Blahut-Arimoto algorithm [Ari72,
Bla72] is given by

(m&, 77) = (0.50507, 0.49493), (3.172)
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achieving capacity C' = 0.33. Two KL divergences are computed as

D(P(Y|X =0)[|P(Y]|X =1)) = 1.6474, (3.173)
D(P(Y|X =1)||P(Y|X =0)) = 1.6227. (3.174)
This implies that transmitting input symbol 0 achieves C} constant, yet 75 > 1/2. This

example suggests that new analysis is required in order to extend the SED coding scheme

to an arbitrary B-DMC.
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3.9 Appendices

3.9.1 Proof of Fact 1

Let (mg, 1 —my) be an input distribution to a BAC(po, p1). Hence, Y is also a binary random

variable with
Therefore, the mutual information I(my) between X and Y is given by

I(mo) = h(mo(1 — po) + (1 — mo)p1) — moh(po) — (1 — mo)h(p1)
h(mo(1 = po — p1) +p1) — 7o (h(po) — Alp1)) — h(py). (3.176)

Since mutual information () is concave in 1y € [0, 1] [CT06b, Theorem 2.7.4|, the optimal
wy satisfies I'(mf) = 0. The first derivative of I(m) is given by

1
mo(l —po—p1) +p

I'(mo) = (1 — po — p1) log < - 1) - (h(]?o) - h(pl))- (3.177)

h(pg)—h(p1)
Clearly, I'(m) is a monotonically decreasing function in my € (0,1). Let z = 2 =T By

setting I'(my) = 0, we obtain 7§ in (3.2). Using (3.176) and the relation 7} = 1 — 7, we
obtain capacity C'in (3.1) and 7} in (3.3).

If po € (0,1/2) and py < p; < 1 — py, it is straightforward to see that C' > 0. Note that
I(0) = I(1) = 0. This implies that «§ € (0,1) and 7} € (0,1).

To show that py € (0,1/2) and py < p; < 1 — pg imply 7§ > 1/2, it suffices to show that
(1
r(5)=o (3.178)

Note that

r @ — (1= po — 1) log (% - 1) ~ h(po) + h(1 - py). (3.179)

2
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Therefore, it is equivalent to showing that

1
h(1 —p1) > h(po) + (1 —p1 — po) log (m - 1) ) (3.180)

2

Let us fix py € (0,1/2) and define £ 1 — p; € [pg, 1 — po). Then, (3.180) simplifies to
1
h(x) > h(po) + (x — po) log (m — 1) . (3.181)
D)

In order to show (3.181), we introduce the following useful lemma.

Lemma 13. Let f : (0,1) — R be convex in (0,1/2] and be concave in [1/2,1). Additionally,
f(x)=—=f(1—=x). Then, Vx,y € (0,1) with x +y < 1,

f@)+ fly) > 2f (I;y> (3.182)

Proof. Without loss of generality, assume that z < y. If y < 1/2, (3.182) directly follows

from convexity of f(z) in x € (0,1/2]. Now consider y > 1/2. Therefore,

P55 -t = (5T) - s+ 10/ - )

< (S s+ 10/ - ) (3.159)
— f(1/2) - f (WJT_‘T> (3.184)
<t (1 - %) —f1l—a) (3.185)
 f@)—f (x;y) . (3.156)

In the above,

e (3.183) follows from the convexity property that for a fixed § > 0,
flz) = fx+0) < f(y) — f(y +0), whenever x >y,

e (3.184) and (3.186) follow from f(z) = —f(1 —x),
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e (3.185) follows from the concavity property that for a fixed § > 0,
f(z) = f(z+0) < fly) — f(y +0), whenever z <y.
This completes the proof of Lemma 13. O

We are now in a position to prove (3.181). Let g(x) £ log(1/x — 1), € [po, 1 — po).
Observe that g(z) meets the conditions in Lemma 13 and h'(x) = g(x). Hence, appealing to

Lemma 13, we obtain

hw) = i)+ [ g(2)d: (3.157)
= hiw) + | (92) + gm0~ 2)) dz (3.158)
> h(po) + / 2 (”7 ;p) d: (3.189)
= o)+ = o) o (5 1), (3.190)

This implies that (3.181) indeed holds. Hence, 75 > 1/2, concluding the proof of Fact 1.

3.9.2 Proof of Fact 3
For brevity, let us define two distributions

P2 PY|X =0)=[l— po,po, (3.191)

QEPY[X=1)=[p,1-pl (3.192)
Hence, it is equivalent to show that
D(Q|P) = D(P||Q). (3.193)
Let us define the function

f(po,p1) = D(Q|IP) — D(P||Q)

123



1—
+ (1 +po— p1) log — 2. (3.194)

I —po Po

4

= (1 —po + p1)log

The first and second derivatives with respect to p; are, respectively, given by

af D1 I—m I —po Do
— =1lo —lo + (loge — 3.195
op gl—po 8 Po ( s )< 4! 1—]91) ( )
O*f _ —(loge)(2py — 1)(p1 — 1 4 po) (3.196)
op} pi(l —p1)?
<0, if p1 € [po, 1/2)
P (3.197)

>0, ifpi €[1/2,1—pol.
Hence, for a given py € (0,1/2), f(po,p1) is concave in p; € [po,1/2] and is convex in

p1 € [1/2,1 — po]. Next, we borrow a classical result in analysis [Rud76].

Lemma 14. Consider a function ¢ : I — R defined on an interval I = [a,b] with a < b. If
the first derivative ¢'(z) is continuous on I and the second derivative ¢"(x) exists for every

x € I°2 (a,b), then the following two properties hold
1) if ¢"(x) >0, z € I°, and ¢'(z*) = 0 for some x* € I, then ¢p(x) > ¢(x*) for all x € I.
2) If ¢"(x) <0, x € I°, then ¢(x) > min{p(a), ¢(b)} for all z € I.

By Lemma 14, for p; € [po, 1/2], due to concavity,

f(p07pl) Z min{f<p07p0)7 f(p07 1/2>} (3198)
= min{0, f(po, 1/2)}. (3.199)

Similarly, for p; € [1/2,1 — py], due to convexity and the fact that g—lfl I 0,
f<p07p1> Z f<p07 1— pO) == 07 (3200)

implying that f(po,1/2) > 0. Combining this with (3.199) and (3.200), we conclude that
f(po,p1) > 0 for all p; € [po, 1 — po|, thus establishing (3.193). This completes the proof of
(3.7).

Next, we prove (3.8). This is equivalent to showing that p;(1 — p1) > po(1 — po), which
clearly holds when py < p; <1 — po.
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Figure 3.5: An equivalent Markov chain from S,,_; to S,.

3.9.3 Time of First Passage Analysis

In this section, we compute the expected first-passage time from Sy to S,, for the generalized
Markov chain, as depicted in Fig. 3.2. Consider the general case where the self loop for state
Sp has weight Ay (i.e., the expected self loop time from Sy to Sp), and all other transitions in
graph has weight 1. Let v; denote the expected first-passage time from S; to S,,, 0 < i < n—1.
Our goal is to compute vy, which is equal to E[7} — 14|© = i, U;(v;) = u].

This appendix computes vy by first simplifying the expected first-passage time node
equations into an expression involving only vy and v,_;. Characterizing the entire process
to the left of S,,_1 as a self loop with weight A, _; yields an explicit expression for v,_i.
This eventually produces an expression for vy that naturally decomposes into the expected

first-passage time for a classical random walk plus a differential term.

3.9.3.1 Simplifying Node Equations

Following |Gall3, Chapter 4.5.1], the node equations for the generalized Markov chain in

Fig. 3.2 are as follows:

Up_1 = 1 + pu,_o, (3.201a)
Up—o = 1 4+ pvy_3 + qU,_1, (3.201b)
Up_z = 1 4 pv,_gq + qu,_o, (3.201c¢)

vy = 1+ pvy + qus, (3.201d)
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vy = 1+ pvy + qua, (3.201e)

Vo = q + pvg + qui + pAy. (3.201f)

Summing all equations in (3.201) yields

n—1 n—2

Zvi =n— 1+q+zv¢+qvn—1 + 2pug + pA. (3.202)

1=0 i=1

Solving for vy yields

n p
= Ay — Vp—1 — 1). 3.203
Vo 1—2p+ 1—2p( 0= Up—1—1) ( )

Thus, what remains to determine v, is to determine v,,_.

3.9.3.2 Expressing v, 1 in Terms of A

In this subsection, we aim to express v, 1 in terms of Ag. By characterizing the entire
process to the left of S,,_; as a self loop with weight A,,_; and transition probability p, the
generalized Markov chain in Fig. 3.2 reduces to a two-state Markov chain as shown in Fig.

3.5. The node equation at S,,_; in Fig. 3.5 is given by
VUp—1 = pAn,1 +q + pvy—1. (3204)
Solving for v,_; yields
p
Upo1 = =Ap1 + 1. (3.205)
q

Next, we develop a recursive equation to solve A,,_;. Let A; denote the expected self loop
weight for §;, 0 <7 <n — 1. Fig. 3.6 shows the transition between &;_; and S; conditioned

on circling over §; once. Thus, from Fig. 3.6, we obtain

Ai=1+) pra(kAis +1) (3.206)
k=0
P
=2+ 5&-_1- (3.207)
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Figure 3.6: Recursive relation between A; and A;_.

Since (3.207) holds for an arbitrary 7, 0 < ¢ < n — 1, applying (3.207) in a recursive

n—1 n—1
— (2 24 _ (2
Ay = <q) Dot 1o [1 <q> ] . (3.208)

Substituting (3.208) into (3.205), we obtain
n 9 n—1
) 25 )
q 1=2p q

3.9.3.3 Finding the General Expression for v,

manner yields

+1. (3.209)

Substituting (3.209) into (3.203),

n p p\ 2p P\
n p p " 2q
:1—2p+1—2p<1_(§>><A°_1—2p>' (3.211)

This completes the derivation of .

Remark 4. For an i.i.d. random walk that moves forward by 1 with probability ¢ and moves
backward by 1 with probability p, all A;’s are identical. Using (3.207), we obtain

2q

=—— VicZ 3.212
oy "€ (3.212)

Thus, (3.211) can be thought of as the expected first-passage time for an i.i.d. random walk
plus a differential term that depends on the difference between the self loop weight Ay of the

actual random process and the self loop weight of a standard i.i.d. random walk.
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CHAPTER 4

BI-AWGN Channels With Finite, Stop Feedback

4.1 Introduction

Feedback has been shown to be useful both in the variable-length and fixed-length regimes,
even though it does not improve the capacity of a memoryless, point-to-point channel [Sha56].
In the variable-length regime, feedback has been shown to simplify the construction of coding
schemes [Hor63, SK66, SF11, NWJ12, NJW15, YPA22|, to significantly improve the optimal
error exponent [Bur76|, and to achieve universality [Lub02, DFK04, YKE21a|. In the fixed-
length regime, feedback is shown to improve the second-order coding rate for the compound-

dispersion discrete memoryless channels [WSA20].

In [PPV11], Polyanskiy et al. introduced variable-length feedback (VLF) codes, variable-
length feedback with termination (VLEFT) codes, and a special VLF code called a variable-
length stop-feedback (VLSF) code. The infinite-length VLSF codewords are fixed before the
start of transmission and feedback only affects the portion of a codeword being transmitted
rather than the value of that codeword. During transmission, a feedback symbol “0” indicates
that the decoder is not ready to decode and the transmission should continue, whereas a “1”

signifies that the decoder is ready to decode and the transmitter must stop. Using VLSF

<

17— is achievable by stopping the code at 7 =0

codes, Polyanskiy et al. demonstrated that
with a small probability, where C' denotes channel capacity, and e denotes the target error

probability [PPV11].

The VLSF code defined in [PPV11] can be thought of as a VLF code with infinitely many
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decoding times, i.e., the number of decoding times m = co. However, in practical systems,
the feedback opportunities are limited, i.e., m < oo, and the decoder is only allowed to
decode at time instants ny,ng, ..., ny,. In [KSL15|, Kim et al. investigated VLSF codes with
m periodic decoding times and derived a lower bound on throughput. In order to minimize
the average blocklength, Vakilinia et al. [VRD16] developed the sequential differential op-
timization (SDO) procedure that produces decoding time n;,; based on the knowledge of
n;, n;_1, and their successful decoding probabilities approximated by a differentiable func-
tion. The SDO in [VRD16]| uses the Gaussian tail probability to approximate the probability
of successful decoding. Later, variations of SDO were developed to improve the Gaussian
model accuracy [WWB17, WWBI18|. The SDO algorithm is used to optimize systems that
employ incremental redundancy and hybrid automatic repeat request (ARQ) [WVW17], and
to code for the binary erasure channel [HCP18 HCW19|. However, in this chapter, we show
that the Gaussian model is still imprecise for small values of n. Additionally, the existing
SDO procedure fails to consider the inherent gap constraint that two decoding times must

be separated by at least one.

In [YKE21b|, Yavas et al. developed an achievability bound for VLSF codes with m
decoding times for the additive white Gaussian noise channel with capacity C, dispersion
V', and maximal power constraint P. The asymptotic expansion of the maximum message
size M is given by In M ~ & — | /iIng,_1)(l) 75 where Ing)(-) denotes the k-fold nested
logarithm, [ and e are the upper bounds on average blocklength and error probability of
the VLSF code, respectively. They showed that a slight increase in m can dramatically
improve the achievable rate of VLSF codes. Unfortunately, due to the nested logarithm
term, Yavas et al. were only able to show achievability bounds for m < 4, ¢ = 1073, and
[ < 2000. They also demonstrated that within their code construction, the decoding times
chosen by the SDO will yield the same second- and third-order coding rates as attained by

their construction of decoding times.

In this chapter, we are interested in the performance of a VLSF code with m optimal
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decoding times for the binary-input additive white Gaussian noise (BI-AWGN) channel. We
first develop tight approximations to the tail probability of length-n cumulative information
density. Building on the result of Yavas et al. [YKE21b], for a fixed information density
threshold v, we formulate an integer program of minimizing the upper bound on average
blocklength over all decoding times nq,ns,...,n, subject to average error probability, min-
imum gap and integer constraints. Finally, minimization of locally minimum upper bounds
over information density threshold ~ yields the globally minimum upper bound, and this
method is called the two-step minimization. For the integer program, we present a greedy
algorithm that yields possibly suboptimal integer decoding times. By allowing positive real-
valued decoding times, we develop the gap-constrained SDO procedure that captures the
minimum gap constraint for the relaxed program. In [PPV11]|, Polyanskiy et al. demon-
strated that the rate % is achievable by allowing the VLSF code to stop at zero with a
small probability. In this chapter, we identify the error regime where Polyanskiy’s scheme
of stopping at zero does not improve the achievability bound. In this error regime, the two-
step minimization with the gap-constrained SDO procedure shows that a finite m suffices to

attain Polyanskiy’s bound for VLSF codes with m = oo.

This chapter is organized as follows. Section 4.2 introduces the notation, the BILAWGN
channel model, and the VLSF code with m decoding times. Section 4.3 develops tight
approximations to the tail probability of length-n cumulative information density. Section
4.4 introduces the integer program, the two-step minimization, and a greedy algorithm,
develops the gap-constrained SDO procedure for the relaxed program, identifies the error
regime where stopping at zero does not help, and shows numerical comparisons. Section 4.5

concludes the chapter.
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4.2 Preliminaries

4.2.1 Notation

For k € Z,, [k] & {1,2,...,k}. We use 2/ to denote a sequence (i Tig1, ..., xj), 1 <
t < j. When the context is clear, x7 is abbreviated to ™. All logarithms are taken to
the base 2. We use ¢(x), ®(z), Q(z) to respectively denote the probability density function
(PDF), cumulative distribution function (CDF), and the tail probability of a standard normal
N(0,1).

4.2.2 Channel Model and VLSF Codes with m Decoding Times

Let X" be a sequence of independent and identically distributed (i.i.d.) random variables,

with each X; uniformly distributed over {—\/ﬁ, \/ﬁ}, where v/ P denotes the amplitude of
binary-phase shift keying (BPSK). The output Y™ of a memoryless, point-to-point BI-AWGN

channel in response to X™ is given by

Y"=X"4+2", (4.1)
where Z1, Zs, ..., Z, areii.d. standard normal random variables. The SNR of the BILAWGN
channel is given by P.

For a BILAWGN channel with a uniformly distributed input symbol, the information

density ¢(z;y) = log % is given by

Wz;y) =1—log (1 +exp (—2ay)). (4.2)

Furthermore, the channel capacity C' = E[¢(X;Y)] and dispersion V' = var(:(X;Y)). Since
the inputs are i.i.d. and the channel is memoryless, the cumulative information density for

2™ and y" is given by

Wz y") = log —5 ———= = 4 o35 i) (4.3)



Next, we follow [YKE21b| in describing a VLSF code with m decoding times for the

BI-AWGN channel. Due to BPSK, we omit the power constraint from the definition.
An (I,n}", M, €) VLSF code, where [ is a positive real, n]* and M are non-negative integers

satisfying ny < ng <« < mny, € € (0,1), is defined by
1) A finite alphabet & and a probability distribution Py on U defining the common

randomness random variable U that is revealed to both the transmitter and the receiver

., Ny, defining channel inputs

before the start of transmission.
(4.4)

2) A sequence of encoders f, : U x [M] — X, n=1,2,
Xn = fn(U7 W)a

where W € [M] is the equiprobable message.
., Ny } of the filtra-

3) A non-negative integer-valued random stopping time 7 € {ny, n,
tion generated by {U, Y™}, that satisfies an average decoding time constraint
(4.5)

E[r] <.

4) m decoding functions g, : U x Y™ — [M], providing the best estimate of W at time n;,
i=1,2,...,m. The final decision W is computed at time instant 7, i.e., W = g.(U,YT)

(4.6)

and must satisfy
P.2 P[W 4W]<e

The rate of a VLSF code is given by R = log M/E[r]. In the above definition, the cardinality

U specifies the number of deterministic codes under consideration to construct the random

code. In [YKE21a, Appendix D], Yavas et al. showed that || < 2 suffices.
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4.3 Tight Approximations to Z[(X™;Y") > 7]

In the analysis of (I,n}", M, e) VLSF codes, a key step is to develop a differentiable function
F.,(n) to approximate or to bound the tail probability Z2[¢(X™;Y™) > ~| with a fixed ~.
In [VRD16,WWB17, WVW17, WWBI1S|, Z[.(X";Y™) > ~] is approximated with a Gaussian
tail probability, e.g., @ <7_"0) used in [WWB17]. However, we will show that for short

VnV
blocklength n, the Gaussian model is imprecise and a better approximation is desired.

In probability theory, both the Edgeworth expansion [Edg05, Hal92] and the Petrov ex-
pansion |[Pet75] have been known as powerful tools to approximate the distribution of the
sum of n i.i.d. random variables. In this chapter, we apply these expansions to approximate
PL(X™Y™) > 9]

We first introduce the cumulant of a random variable, which will play an important role

in the above expansions.

Definition 5. Let Ky (t) = mE[e"™] =377, Iij% denote the cumulant generating function

for a random variable W. The jth cumulant of W, k;, can be computed using the noncentral

moments E[W!], 1 <1< j [BM9S, Eq. (32)],

J 1\ ki
o =i oo -0 (357) @7)

{ki} =1

where in (4.7), the set {k;} consists of all non-negative solutions to >1_, lky = j, v 2 31 k.

Theorem 16 (Edgeworth Expansion, Equation (2.18), [Hal92|). Let Wy, Wy, ..., W, be
a sequence of i.i.d. random variables with zero mean and a finite variance o*. Define
Gu(z) & 20, W, < xoy/n]. Let xw(t) £ E[e®™W] be the characteristic function of
W and let {r;}32, be the cumulants of W. If E[|[W|**?] < oo for some s € Z, and

lm supyy o0 [xw ()| < 1 (known as Cramér’s condition), then,

S

Golx) = ®(x) + ¢(2) Y0 3p;(x) + o(n*/?), (4.8)

J=1
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where by letting Ry, = 0"k, be the mth cumulant for W/o,

J k
1 Em "
" Hejrarl H i ( m:;) ) : (4.9)

{Fm}
Li/2] )k J—2k
He;(z) = j! Z TG 2l (4.10)

where the set {k;} and r in (4.9) are defined analogously as in (4.7). He;(x) is known as
the degree-j Hermite polynomial. In [BM9S], the authors presented the formula (4.10) and

provided an efficient algorithm to compute the set {k,,} in (4.9).

As an application of Theorem 16, let W = 1—log (1+e"2P=22YFP) —C, where Z ~ N(0,1).
Clearly, W has a proper density function and E[|[TV|**?] < co holds for each s € Z, . Hence,
for moderate and large values of n, the differentiable function F.(n) we use to approximate

PL(X™Y™) > 4] is given by the order-s Edgeworth expansion, i.e.,

By (4.9), we see that an order-s Edgeworth expansion utilizes order 3 to s 4+ 2 cumulants.

In this chapter, we define the order of an expansion as the highest order of cumulants minus

two.

A caveat of using the order-s Edgeworth expansion is that for small values of n, the order-
s Edgeworth expansion oscillates around 0 due to truncation of an infinite series, making it
no longer a suitable approximation function to the tail probability. To remedy the situation,

we resort to the Petrov expansion [Pet75] for small n.

Theorem 17 (Theorem 1, |Pet75]). Let Wi, W, ..., W, be a sequence of i.i.d. random
variables with zero mean and a finite variance o®. Define Gy (x) = 2 [> 1 Wi < zo/n].
If £ >0, z = o(\/n), and the moment generating function E[e™] < oo for |t| < H for some
H >0, then

Go(z) =1 — Q(a) exp{j—;/\ (%)} [1+O (x\jﬁl)] (4.12)
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—® -z r+1
G, (—1) = —A—= 1+0 , 4.13
0 =a@en{ A () o () (413
where A(t) = > 1o, axt® is called the Cramér series*. In [Pet75], Petrov provided the order-3

Cramér series ABI(t),

K3 Kako — 3/{% /{5143 — 10Kk4k3ko + 15/{% 2
6/ 24r3 120x5° '

ABl(t) = (4.14)

where {k;}2, denote the cumulants for W.

For small n satisfying n < v/C, the function F,(n) we use to approximate Z[t(X"; Y™") >

7] is given by the order-3 Petrov expansion, where the order of 3 is determined by k5 in (4.14),

Fy(n)=Q (V%C) exp {%—”ff/\[fﬂ (Wn_\/%c) } _ (4.15)

Note that at the Oth order, both expansions reduce to ®(z).

We remark that both finite-order Edgeworth and Petrov expansions are approximations
that are obtained by truncating an infinite series. Edgeworth expansion assumes a constant
target probability compared to n, whereas Petrov expansion assumes that the target prob-
ability decays sub-exponentially to 0 as n — oo, defining a moderate deviation sequence in
n. Therefore, the former performs better in the large n regime, while the latter performs

better in small n regime.

In our implementation, we found that the order-5 Edgeworth expansion meets our desired
approximation accuracy at large n. The switch from the order-5 Edgeworth expansion to the
order-3 Petrov expansion occurs at the largest value for which two expansions are equal with
a common value less than 1/2. Fig. 4.1 shows the comparison of different approximation
models for Z[o(X™;Y™) > 7] with v = 13.62 for BILAWGN channel at 0.2 dB. The Gaussian
model in Fig. 4.1 is given by @ (%) Fig. 4.1 shows that the Gaussian model fails to

nV

capture the true tail probability at small n. The order-5 Edgeworth expansion oscillates

! Details on Cramér series can be found in the proof of [Pet75, Sec. VIII, Theorem 2].
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Figure 4.1: Comparison of various approximation models for Z[.(X™;Y™) > ~] with a fixed
v > 0. In this example, k = 6, ¢ = 1072, v = log % = 13.62 for BILAWGN channel at 0.2
dB.

around 0 when n < 16 and is extremely accurate when n > 16. In contrast, the order-3
Petrov expansion is loose yet close to the Gaussian model when n > 24 and becomes tight
when n < 14. Therefore, the combination of the order-2 Petrov expansion and the order-
5 Edgeworth expansion at switching threshold n = 16.84 provides a remarkably precise
estimate of the tail probability Z2[(X™;Y™) > 4].
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4.4 VLSF Codes With m Optimal Decoding Times

In this section, we develop numerical tools to evaluate the achievable rate of a VLSF code
with m optimal decoding times. We mainly consider the error regime where Polyanskiy’s

scheme of stopping at zero does not improve the achievability bound [PPV11].

4.4.1 An Integer Program and a Greedy Algorithm

In [YKE21b|, Yavas et al. proved an achievability bound for an (I,n}", M,¢) VLSF code
for the AWGN channel. With a slight modification, this result is directly applicable to the
BI-AWGN channel.

Theorem 18 (Theorem 3, [YKE21b|). Fiz a constant v > 0 and decoding times ny < -+ <

M. For any positive numbers | and € € (0,1), there exists an (I,n*, M,€') VLSF code for
the BI-AWGN channel (4.1) with

m—1 7

D<o+ Y (= ni) 2 | | J{(X™5Y™) > 4} (4.16)
i=1 j=1

€ <1—P(X";Y"™) >~ + (M —1)277, (4.17)

where Pxnn is the product of distribution of m subvectors of length n; —n;_1, j € [m], with

the convention ng = 0. Namely,
Py (z"m) =[] Py () 11)- (4.18)

Remark 5. In [YKE21b] (and its full version [YKE21c[), Yavas et al. obtained Theorem
18 by constructing a random VLSF code according to distribution (4.18) and applying an
information density threshold decoder that favors the largest message index whose cumulative
information density exceeds «y for the first time among any other message indices at decoding

times {ny,na, ..., Ny}
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In (4.17), the first term upper bounds the probability that the true message never crosses
v and the second term upper bounds the probability that any other message crosses vy sooner

than the true message.

Interested readers can refer to the full version [YKE21c| of [YKE21b] for the proof of
Theorem 18. By relaxing the probability of union events & [U;ZI{L(X " Y™ ) >4} in
(4.16) to the marginal probability Z[¢(X"™;Y ") > 4], Theorem 18 motivates the following
integer program. Define

m—1

N(ynf') & g+ Y (0 = i) P(X™5Y™) > A, (4.19)

i=1
F(y, M, €) 2 {n" :njpy —n; > 1,0 € [m — 1]

and P (X" Y") >y >1—e+ (M —1)277} (4.20)
For a given m € Zy, M € Z, € € (0,1), and y > log 2=,

min N (v,n!")
s.t. ni" € Fnl(y, M,e) (4.21)

ny" € Z7.

In the integer program (4.21), we consider the minimum gap and average error probability

constraints as in (4.20), and the constraint that all decoding times must be integers.

Let N(v) denote the locally minimum upper bound N(v,n?*) on E[r] for a given v in
program (4.21). Then, min, N () yields the globally minimum upper bound N(vy,n!"). In
this chapter, we solve the globally minimum upper bound N(v,n!") using this two-step

minimization approach.

In general, an integer program is NP-complete. For the specific integer program (4.21),
additional challenge is caused by that there is no closed-form expression for Z2[¢( X" ;Y ) >

7] and nq,na, ..., n,, are required to be monotonically increasing integers.
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While a complete solution to the integer program (4.21) remains open, we propose a
greedy algorithm for a fixed 7: Start from m = n* where n* £ min{n € Z, : Z[L(X™;Y") >
7] > 1—e+ (M —1)277}. Suppose that n is the solution for m. Then, the solution 72"~ for
m — 1 is identified by removing the decoding time n; in n{"~" that minimizes N, (n{™', nl%,).

Note that the decoding time n,, is always retained to ensure that the target error probability

is met via (4.17).

4.4.2 The Relaxed Program and the Gap-Constrained SDO

To facilitate a program that is computationally tractable, we consider the relaxed program
that allows n}* € R": For a given m € Z,, M € Z,, ¢ € (0,1) and v > log @,
min N (y,n{")

(4.22)
s.t. ni" € Fn(y,M,e),

where the tail probability Z2[¢(X™;Y™) > ~] is approximated by a monotonically increasing
and differentiable function F.,(n) with F,(0) = 0 and F,(oco) = 1, for instance, the piecewise

function? introduced in Section 4.3. Let

7y dFv(”)
dn

f+(n) (4.23)

For the relaxed program (4.22) with a fixed ~, the optimal, real-valued decoding times

ni,ns,...,n;, are given by the following theorem.

Theorem 19. Assume +(X;Y) is continuous and F,(n) is an increasing, differentiable func-

tion. For a given m € Zy,M € Z,, € € (0,1) and v > log @, the optimal real-valued

*
m

decoding times ny,ny, ... ,nk in program (4.22) satisfy

ny,=F 1 (1—e+(M—1)27), (4.24)

2The first derivative of F,(n) at the switching threshold does not exist. Nonetheless, one can assign the
right (or left) derivative as the derivative for the switching threshold so that the solution is not affected
significantly.
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Pyn) = Fy(mhy) = Mt
nt,,=n;+max{1, —~F 1. : (4.25)
w ’ { fy(ng)
Ae = max{ A1 + fy(ng) — Fy(ng) + Fy(ng_4), 0}, (4.26)
where k € [m — 1], Ao 2 0 and n} = 0.
Proof. For brevity, define n £ (ny,ny,...,n,,). By introducing the Lagrangian multipliers

v, A1, the Lagrangian of program (4.22) is given by

L, v, \['" ) =ny +v(l — F,(ny) + (M —1)277 —¢)
m—1

+ i(ni+1 —n;)(1 - Fv(nz)) + Z Ai(ng —ngq + 1),

i=1
By the Karush-Kuhn-Tucker (KKT) conditions, the optimal decoding times n* = (nf, nj, ...

must satisfy

oL . . . ) .
Oy ln=ns By (ng) = Fy(nky) = (nepy — i) f5(nk) + A = A = 0, k€ [m — 1], (4.27)
oL * *

o e = 1 ) = v h5 () = 0, (4.28)
v(1—F,(n%)+ (M —1)277 —¢) =0, (4.20)

Since F,(n) € (0,1) and f,(n) > 0 for n > 0, (4.28) indicates that v > 0. Hence, we obtain
ny, = F7'(1—e+ (M —1)277) from (4.29).

m

Next, we analyze (4.30). There are two cases. If A, > 0, then nj_, = nj + 1. By (4.27),

we obtain
Ak = Ap—1 + fv(nl:) - F«,(n;;) + FV(”Z—I)‘ (4-31)

If nj,, > n;+ 1, then A\, = 0. By (4.27), we obtain

F(ng) — Fy(ng_q) — A

Rewriting the above two cases in a compact form yields (4.25) and (4.26). O

Ny = Ny, + (4.32)
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The procedures (4.25) and (4.26) are called the gap-constrained SDO procedure for the
relaxed program (4.22). In contrast, the unconstrained SDO procedure studied in [VRD16,
WWB17, WWB18 WVW17, HCP18, HCW19| derived from the relaxed program (4.22) does
not consider the gap constraint® and admits a simple recursion

Ey(ng) — By (nf )
f2(n) ’

N1 = Ny, + ke m—1], (4.33)

where nj £ (0. We will show that for small values of m, the gap-constrained SDO procedure
behaves indistinguishably as the unconstrained SDO procedure in (4.33). However, as m

becomes large, the decoding times provided by these two algorithms differ noticeably.

In practice, after solving n’, via (4.24), one would apply a bisection search between 0.5
and [n! ] —m + 0.5 for ny and the SDO to identify nj. This guarantees that the nearest

integer to nj is at least 1.

When evaluating at small n, both F,(n) and f,(n) will become infinitesimally small. In
this case, a direct numerical computation using (4.25) and (4.26) may cause the precision
issue. Fortunately, the SDO described by (4.25) and (4.26) also admits a ratio form. Define
)\,(;) = A/ fy(n}). Thus, (4.25) and (4.26) are equivalent to

f(nf) f~(ny) ot f(nf)

A — maX{Am L)) ) B | B0 0}_

Fnp)  F0i) o f7<n;;_1>}

* %
nkH—nk—i—maX{l, — — N

) Hng)  fy(ng)

The purpose of using F,(7)/f(n), f,(n)/fy(n), and )\g) is that they have a closed-form
expression that cancels out the common infinitesimal factor in both the numerator and
denominator. In our implementation, we applied the ratio form of the gap-constrained SDO

procedure.

3The error probability constraint is also different, yet it does not affect the SDO procedure.
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4.4.3 Error Regime Where Stopping at Zero Does Not Help

In [PPV11], Polyanskiy et al. demonstrated that the VLSF code with infinitely many stop-

ping times can achieve % This is accomplished by the following scheme: With probability

6—6/

p = 1, the code immediately stops at 7 = 0 without any channel use, and with proba-

bility 1 — p, employs an (I', M, €') VLSF code satisfying log M = Cl' 4+ loge’ — ag, where

ag = sup,,, t(z;y). The overall code has an error probability
L-p+€(l—p)=ce, (4.34)
and average blocklength

0-p+1I'(1—p)=10'(1-p). (4.35)

In this section, we identify the error regime where Polyanskiy’s scheme of stopping at

7 = 0 does not improve the achievability bound.

Theorem 20. For a given ag € Ry, M € Z,, define

log M + ay — logz

* A .
€ = argimin

4.36
z€(0,1) 11— ( )

If € € (0, €], stopping at T =0 does not improve the achievability bound for VLSF codes.

Proof. By Polyanskiy’s scheme, solving the error regime where stopping at zero does not
improve the achievability bound is equivalent to identifying the error regime in which ¢’ = ¢

is the minimizer to the following program: For a given C,ag € R,, M € Z,, and € € (0, 1),

min /(1 - p)
s.t. logM = Cl' +loge — ay
o (4.37)
b= 1-¢
¢ €(0,¢.
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The program (4.37) is equivalent to the following program

w (5) 50

s.t. € €(0,€,

where

()

1—=x

a log M +ag —logx

(4.38)

(4.39)

Since f(x) is convex in (0, 1), there exists a unique minimizer € € (0, 1). Therefore, if € < €*,

then € = e minimizes the objective function in (4.38), giving p = 0. Namely, stopping at

zero does not improve the achievability bound.

]

We remark that there is no closed-form solution to €* in Theorem 20. Nonetheless, one

can numerically solve ¢* for a given M and aq.
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Figure 4.2: Comparison of the real-valued decoding times by the gap-constrained SDO proce-
dure, the real-valued decoding times by the unconstrained SDO procedure, and the integer—
valued decoding times by the greedy algorithm for k = 20, ¢ = 1072, § = 1/2, v = log 2’;—;1
and BI-AWGN channel at 0.2 dB. m ranges from 1 to [n},] = 102, where n}, = 101.91 is
given by (4.24).
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4.4.4 Numerical Evaluation

Let M = 2% k € Z,. We consider the BILAWGN channel at 0.2 dB with a capacity of 0.5
and the error regime in which stopping at zero does not improve the achievability bound.
By Theorem 20, if & < 100, € < 1.33 - 1072 is the error regime where stopping at zero does

not help. In the following example, we consider ¢ = 1072.

We consider the relaxed program and apply the two-step minimization and the gap-
constrained SDO procedure introduced in Section 4.4 to obtain the globally minimum upper
bound N*(vy,n}"). Thus, k/N*(v,n]") gives the achievability bound. In [PPV11], Polyanskiy
et al. showed that the average blocklength E[7] of a VLSF code with m = oo and no stopping
at 7 = 0 is upper bounded by

log M=1 4
Efr] < < % (4.40)
C
where aq £ sup,, t(x;y). This bound yields the VLSF achievability bound on rate. For

BI-AWGN channel, ag = 1.

For a fixed v at k = 20 and € = 1072, Fig. 4.2 shows how the decoding times evolve
with m for the three algorithms: the gap-constrained SDO procedure, the unconstrained
SDO procedure, and the greedy algorithm. For m < 60, the gap-constrained SDO procedure
behaves indistinguishably as the unconstrained SDO procedure since the SDO solution natu-
rally has gaps larger than one. The greedy algorithm is forced to choose from the remaining
decoding times, leading to a possibly suboptimal solution. For large m, the unconstrained
SDO procedure avoids early decoding times and instead adds later decoding times so densely
that their separation is less than one. In contrast, the gap-constrained SDO procedure is

forced to add early decoding times when all existing gaps become one.

The greedy algorithm lacks the optimality guarantee of the gap-constrained SDO pro-
cedure and is computationally more intensive. Despite their distinct design perspectives,

the greedy algorithm and the gap-constrained SDO procedure arrive at essentially the same
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Figure 4.3: Globally optimal ¢*, v*, and n}, as a function of the number of decoding times
m. In the VLSF achievability bound, 6 = 1 and v = log % In this example, ¢ = 1072,
k = 20 for BILAWGN channel at 0.2 dB.

2k-1)
€/2

solution for large m. For k = 20, ¢ = 1072, and v = log Fig. 4.2 shows that n; is

never less than 37 when m < 32 and grows as the number of decoding times decreases.

We remark that Fig. 4.2 assumes a constant v over all number of decoding times. How-
ever, in the two-step minimization with the gap-constrained SDO procedure, the globally
optimal v* is a function of m. Therefore, the globally optimal n}, may not stay as constant

as shown in Fig. 4.2.

Let § € [0, 1] and assume that the first and second terms in the right-hand side of (4.17)
are equal to (1 —9)e and e, respectively. Then, both v* and n}, can be thought as a function
of 0%, i.e.,

M—-1

7*(6%) = log o

(4.41)
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ng (6%) = F.H (1 — e+ e0¥). (4.42)

Thus, minimization over v is equivalent to minimization over . For k = 20, ¢ = 1072, and
BI-AWGN channel at 0.2 dB, Fig. 4.3 shows how the globally optimal 6* and the associated
globally optimal v*, n’ vary with m during the two-step minimization. We see that when m
is small, 6* is far from 1, indicating a large value of v* and a small value of n},. As m gets
large, we observe that ¢* monotonically increases, which, by (4.41) and (4.42), implies that

~v* decreases and n;, increases. In particular, as m — oo, 6* — 1, and consequently,

M -1
lim +*(0*) = log , (4.43)
6*—1 €
lim n; (6*) = oo. (4.44)

6*—1
In Polyanskiy’s setting [PPV11], the first term in (4.17) is zero since n,, = oo and the
optimal v can thus be computed as v = log @ from (4.17), implying that § = 1. Fig. 4.3

shows that as m increases, 0%, v*, and n, rapidly approach those in Polyanskiy’s setting.

Fig. 4.4 shows the achievable rate of a VLSF code with m optimal decoding times
estimated by the two-step minimization with the gap-constrained SDO procedure. We see
that a finite m suffices to achieve Polyanskiy’s VLSF achievability bound derived from VLSF
codes with infinitely many decoding times. For instance, for the BILAWGN channel at 0.2
dB and € = 1072, the achievable rate estimated by the SDO for VLSF codes with k¥ < 6
and m = 32 beats the VLSF bound. Additionally, for BILAWGN channel at 0.2 dB, with
16 decoding times, the achievable rate by SDO is within 0.66% of the VLSF achievability
bound for £ < 100. With 32 decoding times, it becomes hard to distinguish the achievable
rate by SDO from the VLSF achievability bound for £ < 30.

4.5 Conclusion

This chapter provides a new SDO that includes the gap constraint. Using this improved
SDO, the chapter demonstrates that Polyanskiy’s VLSF achievability bound with infinitely
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Figure 4.4: Comparison of achievable rate estimation by the gap-constrained SDO procedure
and by the greedy algorithm for VLSF codes with m optimal decoding times. The gray
dashed line represents the (E[7], R) pairs such that RE[r] = k. In this example, ¢ = 1072
and the BI-AWGN channel is at 0.2 dB.

many decoding times can be closely approached with a finite and relatively small number of

decoding times.
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CHAPTER 5

Conclusion

This dissertation investigated efficient reliable communication for the BILAWGN channel
without feedback, BAC (and BSC) with full noiseless feedback, and the BILAWGN channel
with finite, stop feedback. Three chapters are independent of each other and are interesting
in its own right. Below we discuss open problems, possible extensions related to each chapter

and their connections that could be further explored.

Chapter 2 investigated the design method, performance, and complexity of the proposed
CRC-aided convolutional code under SLVD for the non-feedback BILAWGN channel. As dis-
cussed in the Conclusion of Chapter 2, it would be interesting to study whether a suboptimal
convolutional code used with the DSO CRC polynomial can also lead to a good concatenated
code. Another interesting direction is to explore the performance of CRC-aided convolutional
codes in the moderately short blocklength regime, e.g., 128 < k& < 1000. If puncturing is
introduced in the code design, the problem of how to jointly design the puncturing pattern
and the optimal CRC polynomial for a given convolutional code still remains open. Besides,
there are several interesting theoretical open problems regarding SLVD, for instance, how to
develop tight bounds on E[L|X = O] and P.; using only the weight spectrum. In addition,
the behavior of the supremum list rank A, a quantity that governs the worst SLVD decoding
complexity, is also less understood. Furthermore, the distribution of the terminating list
rank L as a function of SNR remains unknown and is crucial to analyzing the SLVD decod-
ing complexity. For 5G physical broadcast channel (PBCH), King et al. [KKY22]| recently
showed that the CRC-TBCC outperforms the PBCH polar codes in 5G standard both in
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terms of the frame error rate and the decoding runtime, suggesting that CRC-TBCCs are
good candidates to be considered for 6G. However, the CRC polynomial used with the polar
code is poorly designed. How to design optimal CRC generator polynomials for polar codes

still remains largely open.

Chapter 3 extended Naghshvar et al.’s SED coding scheme for the symmetric binary-
input channel with feedback to the BAC with feedback. The theoretical development of
our generalized SED coding scheme and the associated non-asymptotic VLF achievability
bound utilized the concept of extrinsic probabilities introduced by Naghshvar et al. and
the fact that 7; < 7 implies that transmitting symbol 1 attains the maximum relative
entropy C. However, it remains open whether these observations also hold for a general
binary-input channel with feedback. Furthermore, can we develop a similar SED coding
scheme for multi-input DMCs, e,g., DMCs with |X| > 27 In [AYW20], Antonini et al.
considered systematic transmission followed by a type-based, relaxed SED coding scheme for
the BSC (the systematic transmission automatically meets the original SED requirement)
which significantly reduced the coding complexity. Simulations show that the type-based,
relaxed SED coding scheme still achieve a similar performance as the original SED coding

scheme. Yet it remains open to prove this phenomenon analytically.

Chapter 4 developed tight approximations for the tail probability of the cumulative infor-
mation density that underlies the numerical evaluation of the VLSF code with finite decoding
times for the BILAWGN channel with feedback. In view of the inherent inaccuracy of ap-
proximations, it would be interesting to develop theoretically tight upper and lower bounds
for the distribution of cumulative information density that would enable a more rigorous
characterization of the performance of the VLSF code with finite decoding times. Another
interesting direction is to extend our technique to more classical channels and to compare
with the previously known achievability bounds. On a practical point of view, how to design
a structured VLSF code with finite decoding times that outperforms our non-asymptotic

VLSF achievability bound still remains open.
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Although the three chapters in this dissertation are independent, tight connections among
these topics exist and could be explored in future research. For example, the CRC-aided con-
volutional codes under SLVD can be applied to the variable-length coding with stop feedback
framework by treating a NACK as a stop-feedback symbol that asks for retransmission. In
this case, it still remains open how to determine the maximum list size ¥ for each decoding
time such that the throughput is maximized while maintaining a target error probability.
It also remains open how this system will perform by using the CRC-aided convolutional
code as a VLSF code for the BI-AWGN channel with stop feedback. On the other hand,
the CRC-aided convolutional code can be applied to probabilistic amplitude shaping (PAS)
system that employs nonbinary constellations. In [WSA21|, Wang et al. recently showed
that the code generated by PAS and CRC-aided trellis coded modulation outperforms the
RCU bound in the short blocklength regime.

The connection between channels with full feedback and channels with finite stop feedback
can be seen as follows. Assume that the decoder is only allowed to send full feedback at
time instants nq,no,...,Nn,,. At time n;, the decoder can send a single non-binary symbol
represented by Y, ., to the transmitter via the full feedback link. Clearly, this will result in
an achievable rate upper bounded by that of the full-feedback system and lower bounded by
that of the stop-feedback system. Then, for such a system, what is the maximal achievable

rate and which coding scheme achieves the maximal achievable rate?

To summarize, the efficient reliable communication under different types of feedback
opened a wide array of new directions that are of both theoretical interest and practical

importance.
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