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Abstract

Concatenation of linear block codes enhances the performance with respect to the use
of single linear block codes, while increasing the decoding complexity. In particular,
the serial concatenation of linear block codes has proven to be an important tool for the
design of powerful binary linear short codes. This was decisive for the discovery of new
codes capable of approaching the bounds of the best possible codes at finite length.
The class of convolutional codes, upon termination, are known to provide very powerful
codes for large memory values at the encoder. However, the decoding complexity of
these codes grows exponentially with their encoding memory, preventing the practical
use of very large memories. The serial concatenation of convolutional codes with outer
(cyclic redundancy check) linear block codes can reduce the needed memory of the
convolutional code to achieve very good performances, at the expense of using a list
decoding scheme. In this Master thesis we study the performance of such concatena-
tion via weight enumerator and the performances of the serial-list and the parallel-list
Viterbi algorithm as decoding algorithms with bounded list sizes. Lastly, we propose
a suitable sorting network capable of reducing the time complexity of the parallel-list
Viterbi algorithm when implemented in hardware.
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Introduction

NTERNET-OF-THINGS (loT) was “born” sometime between 2008 and 2009 as reported

by CISCO in [Evans, 2011], under the idea of enabling internet access to electrical
and electronic devices [Miraz et al., 2015], thus allowing them to collect and exchange
data. Since its introduction, the number of connected devices has managed to surpass
the number of humans connected to the internet [Evans, 2011] and it is expected to
have 12.3 billions of loT devices sold by 2022 [CISCO, 2019].

The increasing number of both mobile and embedded loT devices has led to a
sensors-rich world, capable of addressing a various number of real-time applications,
such as security systems, healthcare monitoring, environmental meters, factory au-
tomation, autonomous vehicles and many others [Al-Fugaha et al., 2015].

Satellite communications are networks capable of providing coverage in remote and
arduous areas [De Sanctis et al., 2015], thus enabling to extend the use of loT devices
in those areas.

Most of the IoT devices, especially sensors and meters, are characterized by their
low cost, their sporadic exchange of small data packets with essential information, their
limited processing power, small storage capabilities. Furthermore, they are powered
with batteries of limited capacity, which are required to last over 10 years without being
replaced or recharged [GSMA, 2018]. All these important constraints have to be taken
into account in the design of the communication modules for such devices.

The communication on the uplink channel of satellite IoT networks, the one where
the loT device is the transmitter which sends data to the satellite, is the most crucial part
in this networks, because it affects the power consumption of the embedded device.

Claude Shannon in 1948 showed in his paper "A mathematical theory of commu-
nications" [Shannon, 1948] that it is possible to transmit information through a noisy
channel with an arbitrarily small error probability by using a code with a rate R smaller
than the channel capacity C, the largest possible transmission rate of the given chan-
nel. However, his theorem did not tell us how to construct such capacity-achieving
codes. Moreover, his theory assumes sufficiently large code word length.

Since then, a lot of work has been done, and nowadays, for large blocklength codes,
well-established tools exist to approach channel capacity with a reasonable decoding
complexity. On the other hand, for codes in the short blocklength regime, where the
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amount of bits is “very small” (e.g., k¥ = 64 information bits), such tools are not that
effective and the design of good codes and decoding schemes is mainly driven by
intuition [Liva, 2014].

The class of convolutional codes (CC), introduced by Elias in 1955 [Elias, 1955],
are known to provide, upon termination, powerful short codes, for which an optimum
and low complexity maximum-likelihood decoding algorithm was proposed by Viterbi in
1967 [Viterbi, 1967].

Recently [Lou et al., 2015; Yang et al., 2018a,b; Liang et al., 2019], a serial concate-
nation of CCs with outer cyclic redundancy check (CRC) codes was proposed, which
can be decoded with a list Viterbi algorithm (LVA) to approach the decoding bounds on
the block error probability of the best short code of a given rate.

This thesis is structured as follows.

In Chapter 1 we review necessary coding theory aspects about binary linear codes
and convolutional codes, from their graphical representations to some decoding as-
pects.

Chapter 2 gives a review of an important family of convolutional code list decoders.

The design of serial concatenations of CCs with outer CRC codes is detailed in
Chapter 3, with numerical results for various CCs and CRC codes.

A hardware friendly proposal for a fast implementation of a parallel-list Viterbi algo-
rithm is presented in Chapter 4.

We summarize and conclude this contribution in the last chapter of this thesis, while
in the appendix are shown some tables with the CRC codes found for various memories
of the CCs and parameters of the CRC codes.

The algorithms used to design and to decode such codes are made publicly avail-
able at github.com/rickyskv/Serially _concatenated CC_with_CRC.

Schiavone. R pag. 2
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1. Convolutional Codes

INARY convolutional codes (CCs) are binary linear codes introduced by Elias in

1955 [Elias, 1955]. In this chapter we introduce binary linear codes and their prop-
erties in Section 1.1, we then introduce the properties and encoders of convolutional
codes in Section 1.2. Finally, in Section 1.3 we present their trellis structure and the
Viterbi algorithm (VA) for decoding.

1.1 Binary Linear Codes

Definition 1.1. An (n, k) binary linear code is a k—dimensional subspace of the n—di-
mensional vector space Fy.

An (n, k) binary linear block code C is usually defined by its generator matrix G,
a k x n binary matrix. A k—bits long message u encoded by G produces a binary
codeword c of length n,

¢ = uG. (1.1)

Alternatively, a binary linear block code can be defined by its (n — k) x n parity check
matrix H as

cH' =0 (1.2)

where 0 is the all-zero vector.

The rows of H span the subspace orthogonal to C and we denote such a subspace
by C*t. The vectors in C* form a (n,n — k) binary linear code called the dual code.

For instance, consider the (5,3) code and a 3-bit long message u = (011), then the
corresponding codeword is defined in this way:

10011
©011){0 1 0 1 0)=(1101)

T \0 01 11 4

u c
G

Definition 1.2. Given a vector v € 3, its syndrome w.r.t. H is given by

s=vH". (1.3)

By definition s is 0 if and only if v € C.
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Definition 1.3. Given a binary vector v € F3, its Hamming weight wy (v) corresponds
to the number of non-zero entries in the vector. The Hamming distance between two
binary vectors is defined to be the Hamming weight of the sum over the binary field of
the two vectors,

dp(vi,ve) = wg(vy + va). (1.4)

An important characterization of a code is its minimum distance d,,,, because it
gives some information about the error detection and error capabilities of such code.

Definition 1.4. The minimum distance d..;, of a binary linear code C is the minimum
Hamming distance between any two distinct codewords in C. Due to the linearity, it
corresponds to the smallest Hamming weight among all codewords in C, except the
allzero codeword,

dmin(C) = min dy(c,c’) = mi . 15
(€) min H(c,c) min w(c) (1.5)
c,c’eC ceC

Theorem 1.1. A linear code can detect all binary error vectors with Hamming weight
up to d..., — 1, and all binary vector errors which do not correspond to codewords inC.
The same code can correct at least all errors with Hamming weight < t, with t given by:

t= Ldmm_ 1J. (1.6)

2

A more complete characterization of a linear block code is its weight enumerator
(WE) or distance spectrum.

Definition 1.5. The weight enumerator of an (n, k) linear block code A,(C) corresponds
to the multiplicity of all codewords in C with Hamming weight equal to d,

Ad(C) = [{c € C,wn(c) = d}|. (1.7)

The WE can be also represented via the weight enumerator function (WEF) A(X):
AX) =) AaX?. (1.8)
d=0

Given a code distance spectrum, we can estimate the decoding performance of such
code under maximum likelihood decoding via the union bound (UB) on the block error
probability, P5. If we assume the channel is a binary-input Additive White Gaussian
Noise channel (bi-AWGN), Py is given by

1 & [ E
Py < Pup =y 3 Aderfc< dRNZ> (1.9)
d:dmin

with R = k/n being the code rate, E,/N, the energy per information bit to noise power
spectral density ratio and erfc the complementary error function. When the signal-
to-noise ratio is large, only the A, ., term in the UB is sufficient to approximate the
performances of the code.

Schiavone. R pag. 4



Convolutional Codes 1.2. CONVOLUTIONAL ENCODERS

1.2 Convolutional Encoders

CCs are a particular type of binary linear codes invented in 1955 by Elias [Elias, 1955]
and which can be efficiently described through their encoder. Consider at time ¢ the
encoder input to be given by the k—bit vector u;. The output at time ¢ is given by the
n—Dbit vector c;

v
Ct = Z uiG;
i=0

where G;, i = 0,...,v are k x n binary matrices and where v is referred to as the
memory.

Definition 1.6. The free distance of an (n, k, v) binary convolutional code C is the min-
imum Hamming distance between two distinct sequences produced by its encoder

df7'ee(c) = II;élI} dH(Cv Cl) (1 A O)

c,c’eC

The largest possible free distance of a CC depends on its memory v, and well-
known upper bounds there exist, as the Heller's upper bound [Heller, 1968] and the
Griesmer’s upper bound [Griesmer, 1960].

Corollary 1.1 (Heller’s bound). The free distance dy... for any rate R = k/n convolu-
tional code of memory v satisfies
, (v+1i)-n
dree < min | 51| (1.11)
Theorem 1.2 (Griesmer’s bound). The free distance dy... for any binary rate R = k/n

convolutional code of memory v satisfies
ki—1

Z’Vd‘fm—‘g(y+z>c’ 121,2, (112)
o | 2

In this work we will focus only in (n = 2,k = 1,v) CCs, but generalizations of the
work are possible. An example of (n = 2,k = 1,v = 2) CC encoder is shown in
Figure 1, where D represents a delay block.

We can view the CC encoder as a finite state machine (FSM) with 2” states and 2*
possible transitions from each state and represent such FSM using a state-transition
diagram as in Section 1.2 or its equivalent state-transition table as in Section 1.2.

The input-output relationships of a convolutional encoder can be represented using
the D-transform which is defined as it follows:

X = (...7X,1,X0,X17X2, ) i) X(D) = ZXtDt = ..+ X,1D_1 + Xo +X1D + X2D2 + ...
t
(1.13)

with x; = (xl(tl), 2, )

pag. 5 A.Y. 2020/2021
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A
o
o

v
3]
o~

Figure 1: Convolutional encoder for an (n = 2,k = 1,v = 2) code with
G(D)=[1+D+D? 1+ D?.

Current State | Input | Next State Output

(tp—1,ut—2) Ut (g, up—1) C; = (ngl)) C§2))
S =00 ——5 =m0 (L1)

B 0 Sy = (0,1) (1,1)
S1=(10) T 5 =(1,1) (0,0)
$2=(0.1) 1 [ S5 =(10 (0,1)
Ss = (L1) T [ S5=(11) (1,0) 1/(1,0)

(a) State transition table (b) State transition diagram

Figure 2: State transition table (a) and state transition diagram (b) of the (n = 2,k =
1,v = 2) convolutional code with G(D)=[1+ D + D? 1+ D?].

Doing so, the equations of Figure 1 can be expressed as
c; = [cgl)7 c,ﬁQ)] =[1-u+1-ug+1 w9l u+0-u—1+1-u_o]
D
c(D) = [V(D),c?(D)] = u(D)G(D)=u(D)[(1+1-D+1-D?),(14+0-D+1-D?)]
where G(D) is a k x n matrix called the transfer function and each of its entries can be
written as a polynomial rational function in the form f(D)/q(D).

When we encode an information sequences u of length K, multiple of k£, by a CC
encoder, we can graphically represent the space of possibles transmitted sequences c;

Schiavone. R pag. 6



Convolutional Codes 1.2. CONVOLUTIONAL ENCODERS

through a tree structure (Figure 3a) or in a more compact way with a trellis representa-
tion (Figure 3b). Each tree node at depth ¢ is splitted in 2% different branches, according
to all possible information sequences u;. The Trellis diagram has K/k sections, each
having 2" nodes, and each node at time ¢ is connected to the nodes in the following
section according to the rules specified by the state-transition diagram.

0/(0,0)

0/(0,0)

1/(1,1)
0/(0,0)

0/(1,1)

w =0 ‘ 1/(1,1)
1/(0,0)

0/(1,0)

w =1 J 0/(1,1)

/@y

1/(0,1)

0/(0,1)

1/(0,0)

1/(1,0)

§ 100 S A ST A S 70 S,

(a) Tree representation (b) Trellis graph

Figure 3: Tree representation (a) and trellis representation (b) of the (n =2,k =1,v =
2) convolutional code with G(D)=[1 + D + D?1 + D?). (Dotted edges correspond to
information bits equal to 1).

When a convolutional code is terminated it can be seen as a (N, K) linear block
code, where N is the number of transmitted bits and we can compute its weight enu-
merator A, (and as a byproduct its minimum distance d,,;,).

In the following section we present two popular termination schemes: the zero-tail
termination and the tail-biting one.

1.2.1 Zero-Tail Termination Convolutional Codes

A very simple termination for a CC code, is the zero-tail termination. At time ¢t = 0 the
encoder is initialized to the state Sy, the allzero state, then the the K-bits sequence
u(D) is encoded through G(D). After that, v zeroes are encoded through G(D) to
force the encoder to come back to Sy. A code which respects the zero-tail termination
condition is called a zero-tail terminated convolutional code (ZTCC).

The resulting binary linear block code is an (N, K) code with N = (n/k) - (K + v).

The code rate of such code is given by
K k K

fizree =N =K+

(1.14)
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1.2. CONVOLUTIONAL ENCODERS Convolutional Codes

which is clearly smaller than k/n. However for a long information sequence K, Rzrcc —

A way to obtain a rate k/n is via puncturing n - v output bits of the ZTCC encoder,
which means we do not transmit those bits. Puncturing affects the minimum distance
of a CC code, and the d,,;, of a punctured code is upper bounded by the one of the
original code.

An example of the trellis of a ZTCC is shown in Figure 4.

up =0

S3 S.S S.’S S3 SS S3 Sd S.’S S3

Figure 4: Zero-terminated trellis of the convolutional code with G(D)=[14+D+D? 1+ D?].

The generator matrix of the equivalent block code of a ZTCC is simply obtained as
shown in Equation (1.15), where G zr¢cc has dimensions N x K.
Go G ... G,
Gy G; ... G,
Gzroc = A . : (1.19)

Gy G ... G,

1.2.2 Tail-Biting Convolutional Codes

Another possible way to terminate CCs is by imposing the fail-biting condition. Differ-
ently from the zero-tail termination case where we start at t = 0 from S, state, in the
tail-biting case we can start from whichever state S;, but we have to terminate, after
encoding the K bits of u, again in the same state S;. A CC code of this kind is called
tail-biting convolutional code (TBCC).

A tail-biting path in a trellis is depicted in red in Figure 5.
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Figure 5: Tail-biting terminated trellis of the convolutional code with G(D)=[1 + D +
D?%1 + D?. An example of tailbiting path is highlighted in red.

The rate of TBCCs is Rrpcc = K/N with N = (n/k) - K,
K kK &k
=TT o 1.1
Rrpcc= = 2= (1.16)
This means that TBCCs do not suffer of any rate loss, even for short block codes.
The generator matrix of the equivalent block code can be obtained using the wrap-
around technique, which produces the result shown in Equation (1.17). Grpcc is a
K x N matrix.

Go G ... G,
Gy G; ... G,
Gy G ... G,
Greee = | @, Gy, G ... G, (1.17)
Gu—l Gu ’ ' :
G Gy ... G, Gy

1.2.3 Weight Enumerator of Terminated Convolutional Codes

There are several ways to find the weight enumerator and the minimum distance of a
terminated convolutional code. If the tailbiting code is long enough, the d,,;, of a TBCC
is equivalent to that one of a ZTCC. An efficient and simple algorithm to find the d,;,, of
a ZTCC is the Garello-Vila-Casado algorithm [Garello and Vila-Casado, 2004] and it is
based on the VA [Viterbi, 1967] which we discuss in Section 1.3.2.

To find instead the weight enumerator of a CC we can use the state-transition matrix
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1.2. CONVOLUTIONAL ENCODERS Convolutional Codes

T of its convolutional encoder, with 7; ; = X? where d is the Hamming weight of the
encoder output for the transition S; — S;. An example of such matrix is shown in
Figure 6.

(a) State transition dia- (b) State transition dia- (c) State transition matrix of Fig-
gram with weights gram with polynomials ure 6bwithY =1

Figure 6: State transition diagram with the Hamming weight of the corresponding output
vector (a), with corresponding output monomial (b) and the state transition matrix (c) of
the convolutional code with G(D)=[1 + D + D21 + D?].

To find A(X) for a ZTCC we have

K+v

k )070 (118)

A(X) = iAd-Xd = (T
d=0

while for a TBCC we have
N
AX) =Y Ag- X9 =tr(T%
d=0
Due to the sparsity of T, the trellis can be exploited to reduce the computations
through simple sums of polynomials and multiplications of polynomials with monomials.
An example of the run of such algorithm for ZTCC is shown in Figure 7. For TBCC the
algorithm is repeated 2" times, each of them starting from a different state S;.

). (1.19)

Note that the number of different paths in the trellis representation of a (n, k, ) CC
encoder which start at state S; at section 0 and reach the same state at section ¢ are
2! /v. So both the ZTCCs with (K + v)/k trellis sections and the TBCCs with K/ trellis
sections and built from the same encoder have 2% codewords.
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1S 1+ 2X4 +4X° 4 X8

S1
0 5 X2

0 S, \
S \

\ . .
\ \
\ \
0 S5 N2 - — - — = —[- - A2 4+ X3
S3 S3 X S, S3 Sy

Figure 7: A trellis-based algorithm to compute the weight enumerator of the convolu-
tional code with G(D)=[1 + D + D?1 + D?.

#5 + X1 F (X3 42X+ X7

Sa

1.3 Decoding of Convolutional Codes

Previously we have seen how the convolutional encoder can be used to build block
codes to protect the information bits, hereinafter we show how to recover such informa-
tion sequence when the transmitted sequence is corrupted by a channel.

. il
—— CC encoder —| modulation —| channel |—{ decoder ——

Figure 8: Encoding-Decoding block scheme

In particular we focus on transmission over an AWGN channel with binary phase
shift keying (BPSK) modulation, with the bitwise mapping according to:

0— +1 BPSK

ria ()T = [T = e=(10010) " x= (-1 +1+1 -1 +1)

the binary input additive white Gaussian noise (bi-AWGN) channel is defined by

L N
y =x+1z, withz iid. and z NN(O, 20)

We have that the output distribution condition on the input is

1 _ (ye—z4)?

p(ytfct):p(yt!fﬂt(ct)):W'e 207, (1.20)
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1.3. DECODING OF CONVOLUTIONAL CODES Convolutional Codes

In the following section we discuss the ML decoding, then in Section 1.3.2 we
present the ML decoder for CCs, based on the Viterbi algorithm. Finally, in Sec-
tion 1.3.3 a near-ML decoder for TBCCs is detailed.

1.3.1 Maximum Likelihood Decoding

The aim of the maximum likelihood decoder is to estimate the transmitted codeword
c and so the transmitted information sequence u, choosing among all the possible
transmitted codewords the one that maximizes the likelihood of observing y given that
c has been transmitted, i.e.

¢ = argmaxp(y|c)
N

= argmax In [T p(wlzic) =
t=1

il { 1 _(yfsmfécn)? }
= arg max n e 20
& ceC — \/27{'0‘2
— arg min d%(y, x(c)).
ceC

Where we see that, over the AWGN channel, the ML decoding rule reduces to
finding the (modulated) codeword at minimum Euclidean distance from the observation
Y.

We should observe that a direct implementation of the rule above requires comput-

ing 2% Euclidean distances, where K is the number of information bits. This task has
a complexity that is prohibitive already for K in the order of a few tens of bits.

Note that the expression above can be further simplified in the case of constant
envelope modulations and the minimization problem on the Euclidean distance square
metric corresponds to a maximization problem of the correlation between y and all
possible x(c).

1.3.2 The Viterbi Algorithm

For CCs there exist a ML decoder which can run over the code trellis, and it is based
on the Viterbi algorithm (VA) [Viterbi, 1967].

It is based on the Bellman’s theorem [Bellman, 1957] and Dijkstra’s algorithm [Di-
jkstra et al., 1959] and on the additivity of the squared Euclidean distance Equa-
tion (1.21).

N

dp(y, x) = > (yi — ) (1.21)
=1

To find the codeword at minimum Euclidean distance from y, for a ZTCC, we have
to:
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1. draw K + v consecutive trellis sections, starting at ¢ = 0 only with S, and ending
att = K + v with only S

2. for all possible connections at each trellis section, we compute Afi_}sﬂ', that is de-
fined as the squared Euclidean distance at trellis section ¢ between the modulated
codeword bits of the edge S; — S; and the values of the received vector y at time
t

3. we define as A! as the squared Euclidean distance between state S, at section
0 and state S; at section ¢ of the minimum path connecting those two states. We
start with AJ = 0 and thanks to the additivity property of the squared Euclidean
distance, moving from from ¢t = 1 on, for all states S; at every section ¢t we can
compute A as the minimum A{_ﬁAfﬁSi for all states S; at section t—1 connected
with state S; at section t. We also store the edge arriving at each state with
the minimum cumulative metric (i.e., minimum accumulated squared Euclidean

distance)

4. at section t = K + v, after having found the A%, we move from state S, back-
ward along the stored edges. That path is the maximum likelihood path and its
corresponding ¢ and 1 are the maximum likelihood codeword and information se-
quence, respectively.

In Figure 9 is shown an example of a VA decoder.

In principle for TBCCs we can repeat the VA for each initial/final state S; finding the
best paths S? — SX, and then choosing (among those) the one that minimizes the
squared Euclidean distance from y.

1.3.3 Wrap-Around Viterbi Algorithm

A drawback of the approach for decoding TBCCs discussed above is that 2" instances
of the VA have to be run, one of each initial/final state. Such algorithm becomes im-
practical for TBCCs with already small memory v. And since the minimum distance of
a CC grows with v, a low complexity alternative is needed. We present next a near-ML
decoder which is of practical utility: the wrap-around Viterbi algorithm (WAVA) decoder
[Shao et al., 2003].

It consists in a round of the VA over the trellis, where we start at time ¢ = 0 from all
states S; with A} = 0. In fact, in probabilistic terms each state is equally probable to
be the starting state. At section ¢ = K we check if the minimum path is also tail-biting
(S — SK). If it is tail-biting, we output the corresponding decisions ¢ and . Otherwise
we re-initialize the metrics A of the states at ¢+ = 0, but this time with the metrics
obtained at t = K, Aj = A%, and we re-run the VA. After the first round of Viterbi, we
repeat this process until we find a tail-biting path or we reach the maximum number of
iterations. If we do not find a TB path, we declare an error, while if we find more than
one path we choose the one at minimum Euclidean distance from the received vector.
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a
t—1

—Se 2 Sa—Se
AT = dy(ye,xt7)

A§ = min (Af_; + A7 7% AL+ A7)

(a) Viterbi update rule

y= (0.1174,-2.0801) (10326, —0.4475)  (0.1006,2.5442)  (1.0859, —0.4916) (—1.7423, ~0.0616) (1.3505,0.3844)
So 10 ac o o )
S M 108y 1242 (g gy 1500 8.40 1704 s
TS Z 1032 Sy a5 =210 Sy .
T ‘
j/\\ N
\\V?Y‘
%
N N
N
) S S
Sy AT =243 S v
N\

S
Sy

Sy
e

S3

(b) Viterbi example

Figure 9: Example of the Viterbi algorithm on the trellis of the (n = 2,k = 1,v = 2)
convolutional code with K = 4, v = 2. The stored edges at each section are marked in
red.

The re-initialization of the metrics A} at t+ = 0 can be seen as assigning a new
probability to each initial state S;.

In Figure 10 we show the error correction performances in terms of codeword error
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rate (CER) obtained by the WAVA algorithm as function of the number of rounds (it-
erations, I) around the trellis as function of the signal-to-noise ratio E,/Ny in dB. The
codes used are the (n = 2,k = 1,v = 5) and the (n = 2,k = 1,v = 8) TBCCs with
G = [53,75] and G = [561,753] respectively, where the polynomials are expressed in
octave. The length of the information sequence is of K = 64 bits.

In the same figure the random coding union bound (RCU) bound [Polyanskiy et al.,
2010] is plotted, an achievability bound predicting the existance of a code with such
performance.

As we can see in Figure 10, increasing the memory v of the CC, we increase the
error correction performance of such code, approaching the bound.
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100 ¢

—o—1=1
o« N —e—1=2
[} ~ 1=3
o S —o—1=4
N — — —RCU bound
103 ¢ N
N
N
N
N
N
\\
104 F >
1 15 2 25 3
E, /N [dB]

(@) (n =2,k =1,v =5) TBCC with G = [53,75] and K = 64

100 ¢

CER

— — —RCU bound

1 15 2 25 3
E, /N, [dB]
(b) (n =2,k =1,v =8) TBCC with G = [561,753] and K = 64

Figure 10: Simulated codeword error rate on a bi-AWGN channel as a function of £, /N,
of a TBCC decoded via WAVA for different number of iterations 1.
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2. List Decoders for Convolutional
Codes

E are now going to review some decoders which do not output only the minimum

distance trellis path, but a sorted list £ of size L including the paths at low distance
from the channel output. They are based on the VA, for this reason are called LVAs
(LVAs).

They were firstly introduced in [Seshadri and Sundberg, 1994] and they are referred
as: the parallel-list Viterbi algorithm (P-LVA), presented in Section 2.1, which outputs
at once the full list, and as the serial-list Viterbi algorithm (S-LVA), presented in Sec-
tion 2.2, which outputs at every iteration i the i—th best path.

2.1 Parallel-List Viterbi Algorithm

P-LVA is a simple modification of VA, where at every state S; and at every trellis section
t, we do not store only the metric A of the minimum distance path reaching state S;, but
we store the metrics of the L; minimum distance paths. With L; equal to L, the algorithm
guarantees to find the L global paths at low distance from the channel output. The [—th
shortest distance trellis path at section ¢ reaching the state S; is denoted by Lﬁ’(l) and
identified by three parameters: Ai’(l), containing its squared Euclidean distance, SZ_(?
identifying the previous trellis state, and lifll), which is the index of the path in the list £
at the previous state.

At each state S; we merge the L trajectories from each one of the 2* incoming
edges.

In Figure 11 is shown an example of such sorting algorithm when £ = 1, while in
Algorithm 1 the merging algorithm is shown.

For instance, the P-LVA can be used to decode TBCCs finding the best L paths at
each initial/final state .S; and then check which of them matches the tail-biting condition,
if any, and output the corresponding ¢ and 1 of the shortest among them.

For TBCG, in order to save the time-complexity of checking the tail-biting condition
of all the L best paths, we can store in Ei(l) also the starting state of such path.
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Algorithm 1 Algorithm to merge the 2* incoming lists in the P-LVA when & = 1.
lo=110=1
Ag = ARG 4 )55
Ay = AP 4 AfH
fori=1,..,Ldo
if A\, <A, then

¢, (1)
A=A,
lo=1,+1
_ o aay(la) (Sa—Se)
Ao =N+ N
else
e, (1
Atz() — Ab
lhb=10+1
_ b,(lb) (Sb%SC)
end if
end for
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t—2 t—1

Figure 11: Example of the update rule of the P-LVA. Each entry of each list contains in
position [ the parameters of the [-th minimum distance path according to the Euclidean
distance metric. An example of such rule when L = 4 is depicted in blue.

2.2 Serial-List Viterbi Algorithm

In [Seshadri and Sundberg, 1994] was presented a naive approach of the S-LVA al-
gorithm which is based on the following idea for a ZTCC: with the VA we can find the

minimum distance path Lﬁ’(” at each state S; of the trellis. For instance, for a ZTCC,
E?((j)y is the minimum distance path starting/ending in Sy. The global second best path,
always according to the Euclidean distance, L‘O (2) has to be a path which leaves the
best path at a time ¢; and rejoin it at time t,. In order to find it, at each section ¢t we

store the best path merging E(}((j)u at that section and we select among the stored paths
the one at minimum Euclidean distance from the channel output.
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We repeat this procedure to find the third global best path E(}((f)u but this time we

compare the minimum distance path merging £%7), different from £%}) with the best
path merging £, different from £%?) . We then select the path at minimum Euclidean

distance from the channel output.

In order to find £%}"), we compare the minimum distance paths merging £%'}), £%)

and E(}((j)u but different from those paths. The one at shortest Euclidean distance is
our 4—th global minimum distance path, and so on.

This procedure guarantees to find at each iteration the next global best path.

For TBCCs, we can extend such algorithm, but we do not only compare the paths
reaching Sy (ﬁ(};(l)), but all the paths E}’((l) at final state S;.

A faster version of such algorithm is known as tree-trellis list Viterbi algorithm and is
detailed in [Roder and Hamzaoui, 2006].

This faster implementation is based on Viterbi and a data structure which can man-
age the list of best paths with fast insertion and search, i.e., the heap data structure
[Williams, 1964] or a red-black tree [Bayer, 1972] that have a logarithmic complexity in
time.

In order to find the local best merging path at section ¢ to a given path, we have to
look at the best of the merging paths at section ¢ incoming from a different edge with
respect to the one selected by Viterbi. For & = 1, for instance, this corresponds to the
path coming from the incoming edge which was not selected by Viterbi. We can store
the information about that path in a node and sort it in our list based on its Euclidean
distance from the received vector.

In order to find all the local best paths merging a given path, we need to repeat this
operation for all the trellis sections. However, if the given path is the local best path of
another path, and it merges its best path at time ¢;, we can reduce the search space
only looking at the sections with with ¢ < ¢;. This is due to the fact that for ¢t > ¢, the two
paths traverses the same nodes and edges, and so also the local best paths at those
sections have to be the same.

We propose a visual example of the procedure in Figure 12.

2.3 On the complexities of P-LVA and S-LVA

The P-LVA with list size L requires a single forward step of the VA, but its complexity
w.r.t. such algorithm grows linearly in L due to the merge operation at each node of the
incoming lists. While the backward of the VA is repeated at most L times, one for each
of the L global best paths.

The S-LVA complexity when the list size is L, with the fast tree-trellis implementation,
is the same in forward of the VA, while in backward we have at most L backwards.
During the backward, for each trellis section we have to compute the metrics which
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List Decoders for Convolutional Codes

best path

insert in a sorted list £

best path

best path

/| local best paths

best path

Alobal best path

Figure 12: Visual example of the serial-list Viterbi algorithm.

identify the local best path merging at that section and then insert those metrics in the
heap data structure or in the binary tree, which has a time complexity of at most logs(L).

In Table 1, we report the time complexities of P-LVA and the tree-trellis implementa-
tion of S-LVA for decoding a ZTCC, according to [Roder and Hamzaoui, 2006, Table I].
The TBCC case is similar, with the change that we have K trellis sections instead of

K+ .

Table 1: Time complexity for decoding the L best paths of length K + v sections for a
binary rate—1/n ZTCC with memory v. Source [Roder and Hamzaoui, 2006, Table ],
with the notation adapted to the one used in this work. The complexities of the S-LVA

are the ones of its tree-trellis implementation.

Forward pass Backward passes Overall

P-LVA | O (L2 (K + 1))

O(L(K+v))

OL2 (K +v))

SIVA | 02 (K+v) | O(K +v)L logy(L)) | O((K + ) (2 + L logy(L)))
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3. Serial Concatenation of Con-
volutional Codes with Outer (CRC)
Linear Block Codes

3.1 Code construction

The concatenation of linear block codes can enhance the performance of such codes.
The possible concatenations are the parallel one, where the same sequence of infor-
mation bits is encoded by two or more different encoders; the serial concatenation,
where a sequence of information bit is encoded firstly by an encoder and the output of
such encoder is then encoded through another encoder. It is possible even to combine
such concatenations in different schemes.

The use of concatenation usually increases also the decoder complexity, but can
lead to very powerful codes such as the turbo codes which are a parallel concatenation
of two CCs.

A powerful concatenation for short information sequences is the serial concatena-
tion of CC with an outer linear block code such as a cyclic redundancy check (CRC)
code. The use of a CRC code as outer code is not new and can lead to very powerful
codes such as in the case of the concatenation with polar codes [Arikan, 2009; Tal and
Vardy, 2015].

3.2 Cyclic Redundancy Check Codes

CRC codes [Peterson and Brown, 1961] are (n, k) binary linear codes built from a
polynomial ¢(X) of degree m = n — k with g9 = g,, = 1 as

m—1

9 X)=go+g1- X+ - X2+ . 4gn-X"=1+> g - X' +X" (3.1)

=1
Their encoder follows Equation (3.2), where ¢(X) and u(X) are the codeword and
the information sequence respectively expressed in polynomial form

co(X) =u(X) - g(X). (3.2)

Definition 3.1. A cyclic code is a binary linear code with the added property that the
circular shift of a codeword is also a codeword. An (n, k) binary linear code built from
a polynomial ¢(X) according to Equation (3.2) of degree m = n — k with ¢(X) being a
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factor of X™ — 1 is a cyclic code.

Definition 3.2. Cyclic codes can be shortened by setting the ;7 most significant bits of
the message u(X) of Equation (3.2) to zero, which forces to select the subset of ¢(X)
of the cyclic code with the j most significant bits always equal zero. This procedure
goes under the name of code shortening.

Theorem 3.1. The minimum distance of a shortened cyclic code is at least as large
as the original cyclic code, since we are using a subset of the original codewords,
although the error detection performance over the binary symmetric channel (BSC)
can be deteriorated by shortening [Wolf and Blakeney, 1988].

The generator matrix of the CRC codes for an information sequence of length % is a
k x m matrix

go g1 ... 9m

g 91 .. 9m
Gcre = A . (3.3)

go 91 .. Im

Their parity check matrix H can be easily obtained in different ways, for instance
with a Gaussian-Jordan elimination over Fs.

From the m x n H of the CRC code we can study the WE of the code itself,
firstly computing the WE Function B(X) (see Equation (1.7) and Equation (1.8)) of
its dual code which has only 2™ codewords and then applying the MacWilliams identity
[MacWilliams, 1963] shown in Equation (3.4).

(14+X)"

ACRC(X) _ o

1-X .
B(1+X>,Wlthm—n—k: (3.4)

3.3 Design of CRC codes

The design of an outer code, e.g., of a CRC code to be used in concatenation with a CC
requires to find the best code in terms of WE: larger minimum distance d,,,;,, and smaller
Ag,..., number of codewords with Hamming weight of d.,;, for the overall concatenated
code.

We can say that only the codewords of the inner code whose messages respect the
outer code conditions are also codewords of the concatenated code. For this reason,
we can measure the performance of the outer code based on its capability of discarding
(e.g., via syndrome decoding it corresponds to a non allzero syndrome vector) the input
words of the inner code with low nonzero Hamming weight. The same problem can be
viewed as the capability of the outer code of detecting the undetectable error events of
the inner code with low nonzero Hamming weight.

For an inner CC, the input words associated to codewords with Hamming weight
smaller than a design parameter d correspond to paths over the trellis of weight smaller
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than d. In [Lou et al., 2015; Yang et al., 2020] are presented some efficient methods to
find the best degree-m CRC code to be used in concatenation with an inner ZTCC or
a TBCC.

To evaluate the distance spectrum of the concatenation up to the A; coefficient, the
inner code input extracted words according to [Lou et al., 2015; Yang et al., 2020], are
tested via polynomial check, but the same results can be obtained via syndrome check
using the parity check matrix of the outer (CRC) linear block code. Input words which
satisfy the outer code constraints correspond to valid codewords of the concatenated
code and so they are counted in the weight enumerator of the concatenated code.

When the outer code is a CRC code, we can compute the distance spectra of the
concatenation of the CC code with all the possible 2™~! (K + m, K) CRC codes and
choose the CRC code with the best distance spectrum.

By using some symmetries of the ZTCC and TBCC codewords and trellis paths, and
by using the detection properties of the CRC code, we can deeply reduce the number
of checks to be performed for all the possible 2~ CRC codes, in order to compute the
weight enumerator of the concatenated code and find the best CRC code in an efficient
way [Lou et al., 2015; Yang et al., 2020].

3.4 Study CRC codes

We are going now to use the Poltyrev’s tangential sphere bound (TSB) [Poltyrev, 1994]
to evaluate the performance under a ML decoding of such concatenation scheme in
terms of codeword error rate (CER), using the distance spectrum of such concatena-
tion.

We compare such performance with the performance of a random code of the same
rate R which is in our case : P

" n (K +m)

with & /n the rate of the CC, K the length of the information sequence and m the degree
of the polynomial of the CRC code.

Since the combination of the CRC with the TBCC may results in a large number
of codewords at minimum distance, affecting the performance of the codes, for this
reason, applying a random interleaver between the outer and the inner encoder may
results beneficial to enhance the general performances of these codes.

In order to evaluate the possible gain we are going to use the Poltyrev’s TSB on the
average weight enumerator (AWE) A, of the ensemble of the combination of the TBCC
with the CRC code. To do so, firstly we computed the input-output WE A7 7€“ of the
TBCC and the WE A{f¢ of the CRC. A7 is always obtained using the algorithm in
Figure 7, but using as edges of the trellis the ones in Figure 13. Y is the input variable,
while X is always the output variable. The exponent of Y is given by the Hamming
weight of the k input bits, while X the Hamming weight of the n output bits.
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yO xwu((0,0)) — x0 _q

Figure 13: Input-output state transition diagram of the (n = 2,k = 1,v = 2) convolu-
tional code with G(D) = [1 + D + D?1 + D?].

The AWE A, is then obtained with the formula in Equation (3.5).
K+m ACRC | ACC
A=y St @)
=0 ( % )

However the ensemble can contain also bad codes (codes with lower minimum dis-
tance than the average minimum distance of the ensemble). For this reason, in order
to understand which is the average performance of the random interleavers applied
between our outer code and the convolutional encoder, we need to derive an upper
bound to the ensemble expurgated from the bad codes. In [Gallager, 1963], a simple
derivation is shown. Firstly we know that the cumulative distribution of the minimum
distance for the codes in the ensemble satisfies

w=0

For an arbitrary 6 € (0,1), we define:
d* = Igg\};({ﬂf(d) < 6}

Then,
d —
Pldmin(C) <d*} <Y Ag—1<0
d=0
It follows that a fraction of at least (1 — §) codes from the ensembles has d,;,, > d*,
these codes are the expurgated ensemble.

In Section 2.2 of [Gallager, 1963] it is shown that the average weight enumerator of
the expurgated ensemble can be upper bounded by
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AP =1, d=0
AP =0, 0<d<d

A< A, d>d

We studied the case with £ = 1, n = 2 and K = 64 for various cases of » and m and
it appears that the concatenation of TBCC with CRC codes is indeed very powerful and
match the performance of the expurated ensemble as shown in Figure 14.

In the same figure is shown the Poltyrev’s tangential sphere bound of a random code
with the same code rate R. Such bound is achievable, which means that there exist
codes which can achieve such bound.

3.5 Listsize

In this section we shows some simulated results of the decoding of the codes obtained
with the serial concatenation presented before, comparing the list size when a S-LVA
and a P-LVA are used.

We use a (n = 2,k = 1,v) TBCC as convolutional code, and a (K + m, K) CRC.
K = 64 and we use as rate of the concatenation R = 1/2. Such rate is achieved via
puncturing one bit of ¢ every T sections with " = | (K +m)/(2 - m)]. If in one section
the punctured bit is the one of the first generator of the CC, the punctured bit at the
next punctured section is the one of the second generator of the CC.

The CRC is found using the messages extracted from the already punctured Trellis.

In the P-LVA decoder each entry of the list stores also the starting state, and in order
to reduce the backward operations we do as shown in Figure 15: firstly we check the
tail-biting condition simply comparing that the starting state of the entries in each state
S; is exactly S;, then since we can compute the minimum distance of the concatenated
code [Lou et al., 2015; Yang et al., 2020], in order to avoid the selection of a tail-biting
path not too close to the received vector with the risk of increasing the undetected error
probability, we check its distance from the received vector. Note that the undetected
error probability is a really important parameter in satellite communications. After the
BPSK mapper our code can be represented in the Euclidean space and each codeword
is mapped to a signal code vector. We can compute the minimum Euclidean distance
square d7, ,,,;, among its signal code vectors which is given by

dE i = min d%(x(c),x(c") = 4 duin, (3.6)

c#c!

c,c’eC
where d,;, is the minimum distance of the code in the Hamming space. Similar to the
Hamming space, also in this Euclidean space, under ML decoding, we can define the
correcting capability of the code. In the BPSK case, under ML decoding, the code is

capable to correct at least all errors at Euclidean distance square smaller than E
For this reason, we check that any tail-biting path at the last trellis section is at most at
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Figure 14: Poltyrev’s tangential sphere bound of : the average weight enumerator A,
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that distance.

Ly check
} sort }—»
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check TB }4

check CRC }—* it

check
dp() <4-dyn

Figure 15: Last stage operations at each State S; of the P-LVA decoder.

The simulations highlight the important role of the number of iterations in WAVA, for
both the P-LVA and S-LVA decoder to reduce the list size L for decoding TBCCs. The
list decoder is used only in the last round of WAVA, while the pure VA (L = 1) is used
in all the other rounds.

In Figure 16 with the (n = 2,k = 1,» = 3) TBCC with G = [13,17] and its CRC we
see that with 2 rounds of Viterbi, I = 2, we can nearly reduce by 2 times the list size
and with simply L = 32 we can nearly reach the ML correcting performance that we
approximate by decoding the same code with S-LVA with L = 1e6. In the Figure 17 with
the same code decoded by the S-LVA, since all the paths are inserted in a unique list
with one controller, the list size needs to be larger and we need L =~ 1000 to reach the
ML performance with I = 1 and also I = 2.

Despite the list size of the S-LVA decoder seems large, in practice the algorithm do
not need to reach the maximum value of L, but it stops itself before it if the tailbiting
condition and the CRC parity check conditions are satisfied. This deeply reduce its
latency and in practice in software on a single core machine the needed time is ~
x 1.4 the pure VA. It is important to note that if we compute the average list size used
by the S-LVA decoder, as done in [Yang et al., 2018b], and we compare it with the
required maximum list size value to approach the ML performance, we can see that the
needed maximum list size is much larger than the average one. It means also that the
decoding latency and the decoding complexity of some codewords is much larger than
the average case.

The performance of the analyzed code with only 8 states per section is nearly the
same of the v = 6 TBCC with G = [133,171], which has instead 64 states.

As shown in Figure 18 and Figure 19, another interesting result is the possibility of
reaching the correcting performances of the memory v = 8 TBCC (Figure 10b) using a
memory v = 6 code and the P-LVA with L ~ 16 — 32.

Differently from polar codes [Arikan, 2009; Tal and Vardy, 2015] where the bits of
the outer code replace frozen bits, the use of the CRC in our concatenation force us to
puncture the code for achieving the desired code rate R = k/n. This effect deeply af-
fects the list size, because many non tailbiting paths and tailbiting paths come closer to
our transmitted codeword. This phenomenon affects the performances at the decoder,
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Figure 16: Codeword Error Rate of the serial concatenation of the (n =2,k = 1,v = 3)
TBCC with G = [13,17] and its CRC of m = 6 over the bi-AWGN channel decoded via
P-LVA. K = 64 and puncturing is applied to obtain R = 1/2.
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Figure 17: Codeword Error Rate of the serial concatenation of the (n =2,k = 1,v = 3)
TBCC with G = [13,17] and its CRC of m = 6 over the bi-AWGN channel decoded via
S-LVA. K = 64 and puncturing is applied to obtain R = 1/2.

Schiavone. R pag. 28



Serial Concatenation of CCs with CRC Codes 3.5. LIST SIZE

100
-
107
o
w -2
o 10 E
10°
10 | | | | | | | | | RN
1 1.2 1.4 1.6 1.8 2 2.2 2.4 2.6 2.8 3
E, /N, [dB]
v=6+CRC-6, I=1, L=1 —-©-—v=6+CRC-6, I=1,L.=4 —-©-—1=6+CRC-6, =1, L=16 v=6+CRC-6, I=1, L=32
v=6+CRC-6, =2, L=1 —%— 1=6+CRC-6, I=2, L=4 —<%— 1=6+CRC-6, I=2, L=16 v=6+CRC-6, 1=2, L=32
— — —RCU bound —*—S-LVAL=1e6

Figure 18: Codeword Error Rate of the serial concatenation of the (n =2,k = 1,v = 6)
TBCC with G = [133,171] and its CRC of m = 6 over the bi-AWGN channel decoded
via P-LVA. K = 64 and puncturing is applied to obtain R = 1/2.
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Figure 19: Codeword Error Rate of the serial concatenation of the (n =2,k = 1,v = 6)
TBCC with G = [133,171] and its CRC of m = 6 over the bi-AWGN channel decoded
via S-LVA. K = 64 and puncturing is applied to obtain R = 1/2.
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forcing the list to grow every time we increase m by 1 to obtain at least the same per-
formances we had at previous m. In table 2 is shown the minimum list size to reach the
maximum likelihood performances of such concatenation usingthe (n =2,k = 1,v = 5)
TBCC and puncturing.

In the zero-termination case without puncturing decoded via list Viterbi algorithm
(LVA), the effect of the CRC affects only the paths corresponding to the codewords
of the TBCC and so the list size should grows similarly to the case of polar codes
concatenated with a CRC.

Table 2: Simulated required list size as a function of the number m of redundancy bits
of the outer CRC code to approach the maximum likelihood performance of the serial
concatenation of that outer code with the (2,1,5) TBCC with G = [53,75]. Puncturing is
applied and the P-LVA is used at the decoder.

Ey/No[dB] ||[m=1|2|3|4|5|6| 7 | 8| 9 |10

1.0 2 4118|1632 32| 128 | 256 | 512 | 512
1.5 2 48| 8 [3232| 64 | 256 | 256 | 512
2.0 2 418|832 32| 64 | 64 | 256 | 512
2.5 2 4148 32 32| 64 | 64 | 256 | 512
3.0 2 4148 |16 32| 64 | 64 | 256 | 512
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4. Fixed-latency Parallel-List Viterbi
Algorithm

FROM the simulations of the P-LVA and S-LVA it is clear that the two algorithms
require different list sizes for decoding TBCC and that the list size of the P-LVA
seems smaller.

P-LVA can be of interest in hardware because it has a fixed latency, while the S-LVA
seems to have an average latency which is really different with respect to the worst
case latency.

In this section we propose an efficient implementation in hardware of the P-LVA
decoder based on.

4.1 Simplified Bitonic Circuit

Sorting networks [Knuth, 1998] are networks made of comparators and wires and are
used to sort a fixed number of elements. Each wire carries one single element and
each wire move its element from left to right. When a pair of values, traveling through
a pair of wires, encounter a comparator, the comparator swaps the values if and only if
the top wire’s value is greater or equal to the bottom wire’s value. An exaple is depicted

n
7.15 \ 5.78
5.78 4‘¥; 715

Figure 20: Example of a simple sorting network made of two wires and a comparator.

Such networks can be very useful in hardware implementation, because when some
comparisons are made in parallel, we can deeply reduce the sorting time of elements,
decreasing the total time complexity of an algorithm.

A very well-known sorting network is the bitonic sorter [Batcher, 1964] which can
sort a list L of elements with a time complexity of log3 (L), using L -logs(L) comparators
and L wires. lts network is shown in Figure 21.

In the case of our P-LVA, for a code with & = 1 at each step, for each node, there are
two lists each of size L which have to be merged and only the best L values have to be
stored at each node. If we sort at each state the list of elements at section ¢, when we
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wire

comparator

parallel
executions

Figure 21: Example of the bitonic sorter to sort 8 elements. The red boxes underline
the operations which can run in parallel.

transmit such list to the states at section ¢ + 1, there is no need to sort again such list.
It means that at each section ¢ the incoming lists are already sorted.

Since the values are already sorted, and since we have 2- L incoming elements, but
only the best L are of our interest, we can simplify the bitonic sorter to obtain the sorting
network of our interest, which is the one shown in Figure 22 and whose algorithm works
as expressed in Algorithm 2. If we compute the time complexity of such network is
logy(2 - L) = 1 + logy(L), while the number of comparators is £ (log,(L) + 2).
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a(1) | \SusS. A1)
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from S,
a(3) | \SurS. A(3)
JHREDY, A7
A(4) Sa—S. 2(4)
AP AT A
\b,\{) L ASSe
Mo t
b,(2) Sp—Se
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from S,
Al'xff) A5
AP 4 30

Figure 22: Example of circuit of the new sorting network for the P-LVA to merge the two
incoming edges at state S. from state S, and S;, respectively. L = 4. The red boxes
underline the operations which can run in parallel.

Algorithm 2 Simplified bitonic sorter for the parallel-list Viterbi algorithm

fori=1,..,Ldo
Ac,(i) — min{Aa,(i)7 Ab,(L—i—‘rl)}
end for
N=1L
fort=1,...,logy(L) do
forg=1,..,2"'do
fori=1,..,N/2do
th=(@g—-1)-N+i
tg = t1 + N/2
(ASt) AG(t2)) = (min{AS®) | A2} max{A&t) Ae(t2)1)
end for
end for
N = N/2
end for
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5. Conclusion and Outlook

To conclude this thesis, in this section we are going to summarize the main results and
discuss some interesting topics for further studies.

In this thesis we have analyzed the decoding performances of the parallel-list Viterbi
algorithm and the serial-list Viterbi algorithm to decode the serial concatenation of the
tail-biting convolutional code of rate R = 1/2 and outer cyclic redundancy check codes
with K = 64 over the binary input additive white Gaussian noise channel.

As shown in the simulations, the analyzed concatenation scheme is very effective
to enhance the minimum distance of these codes and so their correcting power, thus
enabling to reduce the required memory at the encoder to achieve the same error cor-
rection performance. However, this gain comes at the price of an exponential increase
in the required list size with respect to m, the amount of redundancy of the outer code.
The wrap-around technique of the wrap-around Viterbi algorithm is effective to help
reducing such list size, especially in combination with the parallel-list Viterbi algorithm
decoder, but it is not sufficient when m is greater than 6.

The implementation of the P-LVA is possible in hardware with a sorting network,
allowing the possibility of using such decoder with a fixed-latency hardware implemen-
tation, while in software, the implementation of the serial-list Viterbi algorithm at the
decoder remains the “preferred” solution, especially at very high list sizes L. In fact,
such decoder is only ~ x1.4 times slower than the pure Viterbi algorithm for practical
target values of error rate or signal-to-noise ratio.

For further improving this concatenation scheme while containing the list size, in
order to construct lower rate codes (e.g., 1/3) with a higher rate inner encoder (e.g.,
1/2), investigating the design of random outer codes or parity bit schemes that can be
used to filter the list size at earlier decoding sections might be worth.

Another option would be the use of this concatenation design as outer constituent
code of a serial concatenation with an inner polar code, thus improving the error cor-
rection performance of the actual polarization-adjusted convolutional codes or reducing
their undetected error probability.
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Appendix

A.1 CRC Codes

In this Appendix we present the results obtained of the searching for the best, in terms
of distance spectrum, (K, K +m) CRC code with redundancy m for the serial concate-
nation of a (n = 2,k = 1,v) TBCCs with the outer CRC linear block code. We provide
those results for v between 3 and 8, m between 1 and 10 and K = 64. For each case we
report the minimum distance d.;, of the serial concatenation, the number of codewords
at that distance A,,_ .. and the generator g of such concatenation expressed in octave.
The results for the unpunctured case are shown in Table 3, while Table 4 reports the
results for the punctured case.

Table 3: Minimum distance d,,;, and number of codewords at that minimum distance
Ay, of the serial concatenation between the (n = 2,k = 1,v) TBCC with the outer
CRC code of generator g-rc, expressed in octave, for the unpunctured case.

CRC m =1 2 3 4 5
v G dwmin  Adpin  8CRC | dwin  Adyye  8CRC | dmin  Adyy 8CRC | dmin Adun  8CRC | dwin Adyi,  8CRC
3 [13,17] 6 65 3 8 198 5 8 130 17 9 71 37 10 20 55
4 [27,31] 8 195 3 9 66 7 8 4 17 10 68 21 10 7 63
5 [53,75] 8 65 3 9 132 7 10 12 11 12 340 21 12 218 77
6 [133,171] | 10 325 3 10 66 5 10 8 17 12 86 33 12 8 75
7 [247,371] | 10 65 3 12 528 5 12 266 17 14 612 21 14 203 63
8 [561,753] | 12 260 3 12 66 5 12 4 17 14 68 21 14 11 63
CRC m =6 7 8 9 10
v G dwin Adpin  8CRC | dmin Adpin  8CRC | dmin Adpin  8CRC | dmin Aduin 8CRC | dmin Adpu  BCRC
3 [13,17] 12 735 143 12 154 355 12 11 407 14 219 1511 14 75 2235
4 [27,31] 12 64 117 12 12 265 14 432 555 15 73 1145 | 14 1 2321
5 [563,75] 14 700 143 12 2 275 16 1188 555 15 73 1511 | 16 1 2033
6 [133,171] | 14 210 177 14 15 377 16 432 505 16 25 1275 | 16 10 2561
7 [247,371] | 14 140 143 14 1 357 16 72 505 17 73 1641 | 18 247 2727
8 [561,753] | 16 210 177 16 86 377 18 360 653 18 146 1401 | 18 17 2365
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Table 4: Minimum distance d.,;, and number of codewords at that minimum distance

Ag

min

of the serial concatenation between the (n = 2,k = 1,v) TBCC with the outer

CRC code of generator gorc, expressed in octave, for the punctured case. The code
is periodically punctured according to the description provided in Section 3.5.

CRC m =1 2 3 4 5
v G dmin Adww  8CRC | Gmin - Adyy,  8CRC | dmin Ady  8CRC | dmin Ady 8CRC | dmin Ady  8CRC
3 [13,17] 5 6 3 7 48 5 7 26 15 8 30 35 8 1 55
4 [27,31] 7 24 3 8 20 7 7 1 11 8 7 25 9 6 63
5 [53,75] 7 8 3 7 4 7 9 1 11 9 6 21 10 17 45
6 [133,171]| 9 50 3 9 20 5 10 41 17 10 12 33 10 1 55
7 [247,371] 9 10 3 10 17 5 10 13 11 11 10 23 11 8 41
8 [561,753] | 11 48 3 11 24 5 11 1 11 12 11 21 11 1 63
CRC m =6 7 8 9 10
v G dmin  Adpin  8CRC | dmin  Adpn  8CRC | dmin Adpsn  8CRC | dmin Adpsa 8CRC | dmin Adpw  8CRC
3 [13,17] 9 16 107 10 69 325 10 22 651 10 1 1041 11 15 2353
4 [27,31] 10 28 117 10 4 221 11 48 523 11 11 1501 | 12 51 2763
5 [53,75] 10 9 153 11 28 373 11 8 451 11 2 1747 | 12 8 2301
6 [133,171] | 11 5 123 11 1 255 12 7 761 13 79 1323 | 13 30 3565
7 [247,371] | 12 115 143 12 1 351 13 75 421 13 20 1103 | 13 2 2727
8 [561,753] | 12 2 171 13 40 205 14 70 653 14 17 1467 | 14 10 3637

A.2 Polar Codes Comparison

With the 5G standardization process, a new family of codes has risen interests in the
coding community: the family of the so-called polar codes [Arikan, 2009]. Such codes
have shown powerful performances when designed for very short block lengths. Suc-
cessive cancellation list decoding algorithm [Tal and Vardy, 2015] can reach the max-
imum likelihood performance of such codes by using a list. When these codes are
serially concatenated with outer CRC codes, they do not requires any puncturing due
to their encoding structure and such concatenation is beneficial to improve their perfor-
mances.

We have compared their performances with respect to the use of TBCCs for various
memories and decoded via P-LVA. The results are shown in Figure 23 and we can
see that TBCCs can approach the performances of polar codes with similar list size
and even beat those performances for memory value of 8. The polar codes results are
obtained using the tools in [Liva and Steiner, 2021].
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Figure 23: Performance comparison between polar codes and tail-biting convolutional
codes for various memory of the TBCCs for (N = 128,K = 64).

A.3 Time-Variant Convolutional Codes

It is possible to make the relationship between the input and the output of a convolu-
tional encoder vary over time. In this way its input-output relationship can be written
as:

o=y u_G(t),Vt=012,...
1=0

This operation can be beneficial in terms of distance spectrum and the resulting
convolutional code is referred as a time-variant convolutional code. Among the classes
of time-variant CCs, there are the periodic time-variant CCs, where G, changes peri-
odically according to a period 7" and, so, it can be expressed as G;(t) = G;(t mod T)).
Note that if 7" = 1, then the encoder remains time-invariant.

A possible way to obtain a time-variant CC is via periodically puncturing a lower rate
CC.

A powerful periodic time-variant CC which can be graphically represented using
only 16 states is the Golay CC [Calderbank et al., 1999] which has period 7" = 4 and
upon termination, when K is multiple of its period, it has a free distance equal to 8.
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So, its free distance is larger then the best, from the distance spectrum point of view,
time-invariant memory 4 CC which instead has dy,.. = 7.

This code can be constructed in various way, for instance by periodically punctur-
ing the (5,1,4) CC with G(D) = [25,35,27,33,37] expressed in octal format [Riedel and
Weiss, 1999] and obtaining so the following generator transfer matrix G(D) = {t =0 :
25,33],t = 1: [27,37],t = 2: [35,37],¢t = 3 : [25,33]}.

However, due to the high multiplicity of codewords at minimum distance, when
Ey/Ny is low, the Golay CC performs similarly with respect to the memory 4 TBCC
with G(D) = [27,31]. And even if concatenated with an outer CRC code, when £, /N,
is low, the two codes behaves similarly, despite the Golay CC has larger minimum dis-
tance. We show some simulated results where we compare the two codes when no
outer code is present (Figure 24) and when the CRC code as its generator polynomial
of degree m = 8 (Figure 25).

Table 5: Comparison of the minimum distances of the serial concatenation of the outer
CRC code with m redundancy bits and the (2,1, v = 4) time-invariant TBCC code with
G = [27,31] and with the time-variant Golay convolutional code. The information se-
quence has K = 64 and the codes are unpunctured.

no CRC m =4 m=38

G dmin Admm dmin Admin SCRC dmin Admin SCRC
[27,31] 7 128 10 68 21 14 432 555
Golay 8 784 12 1700 21 16 982233 421

E /N, [dB]

[--6-—v=4,g=[27,31] — * —v=4,GCC |

Figure 24: Performance comparison between the (128,64) Golay CC with 16 states and
the (128,64) (2,1,4) time-invariant TBCC without outer code and decoded via S-LVA with
L =100000.
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Figure 25: Performance comparison between the tail-biting Golay CC with 16 states
and the (2,1,4) time-invariant TBCC when serially concatenated with outer CRC code
with m = 8 when decoded via S-LVA with L = 100000. The unpunctured and punctured

cases are shown repectively in (a) and (b).
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