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Telecommunications in the current information age is increasingly dependent on

efficient transmission of data through a noisy channel. Therefore, utilizing For-

ward Error Correction (FEC) in the development of decoding algorithms is an

active area of research. This dissertation work focuses on exploiting deep learn-

ing techniques and error correction techniques to improve iterative soft decision

decoding of Reed Solomon codes (RS).

The parity check matrix of RS codes is characterized by a dense structure. This

directly affects the exchange of soft information during the iterative decoding

process. Therefore, to counter this issue, a bit-level implementation is utilized

with the proposed decoding approach. Furthermore, additional techniques to add

sparsity to the parity check matrix are presented in this research work. The

proposed method for adding sparsity leverages the cyclical properties of RS codes

to add low rate rows to the parity check matrix. This sparse implementation aids

with the exchange of soft information during the message passing stage of the

proposed iterative decoding process.

The implementation of deep learning techniques to improve iterative soft decision

decoders are also presented in this dissertation. The proposed approach makes

adjustments to the Neural Belief Propagation (NBP) algorithm for RS codes.

The proposed NBP utilizes the sparse implementation presented in this research

to improve exchange of soft information. This in turn leads to gains in error
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correction performance without further adding complexity which is one of the main

advantages of incorporating neural networks in the iterative decoding process.

Additionally, this dissertation proposes a Graph Neural Network (GNN) imple-

mentation for iterative soft decision decoding of RS codes. The approach employs

the GNN architecture to construct a fully connected graph. This graph represents

a message passing algorithm based on the Tanner graph, with trainable weights

assigned to the graph nodes. This implementation improves the error correction

performance of the proposed iterative soft decision decoder while reducing the

number of iterations required to decode the received vector.
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CHAPTER 1

Introduction

1.1 Introduction

At the center of any modern communication scheme is the need for efficient trans-

mission of soft information transmitted through a noisy channel. In order to enable

this, Forward Error Correction (FEC) codes [1] are used to improve exchange of

information. FEC codes ensure efficient exchange of information through error

detection and correction of received information from a noisy channel. There are

several types of FEC codes such as Low Density Parity Check (LDPC) codes [2],

Bose-Chaudhuri-Hocquenghem (BCH) codes [3], Reed Solomon (RS) codes [4].

RS codes are a popular class of non-binary linear block codes [4]. They have been

used in various applications that range from Quantum computing [5, 6], Internet

of Things (IoT) systems [7] and storage systems [8, 9]. They are denoted as (n, k)

RS codes where n is defined as the length of the codeword, k is defined as the

number of information symbols and (n− k) is the number of redundant symbols.

RS codes are classified as Maximum Distance Separable (MDS) codes [10] which

means they can correct up to t =
⌊
n−k

2

⌋
number of errors in a received codeword.

Since they are classified as MDS codes, the minimum distance can be defined using

the equation dmin ≤ n − k + 1. This property ensures optimal error correction

capabilities, as MDS codes can correct the maximum number of symbol errors

[10]. Due to their optimal error correction performance, they continue to be an

interesting target for research [6, 7, 11, 12].

1
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There are various elements to consider when selecting a compatible decoder. These

elements include the decoding complexity and error correction performance. By in-

vestigating these elements, we can evaluate the suitability of a decoding algorithm.

There are two approaches of decoding RS codes namely hard and soft-decision

decoding. Algebraic hard-decision decoding algorithms such as the Berkelamp

Massey (BM) [13] work well with RS codes. However, hard-decision decoders

incur performance losses when soft information is available [13]. Therefore, soft-

decision decoding methods such as Generalized Minimum Distance (GMD) [14]

algorithm and Algebraic Soft Decision (ASD) [15] outperform hard-decision de-

coders. Koetter and Vardy (KV) [16] is a proposed algebraic soft-decision decoder

which takes advantage of the algebraic properties of RS codes. This approach sig-

nificantly outperformed the hard-decision decoder and reached over 2-3 dB gains

[15]. However, the complexity becomes prohibitively larger for longer codes [15].

Therefore, other soft-decision decoding methods such as iterative decision decoders

have been explored to improve on decoding performance.

Iterative soft-decision decoding continues to be a subject of ongoing research [17–

20]. This approach involves modifying the received channel output vector by

updating reliability information iteratively. An early attempt on iterative soft-

decision algorithms was the Belief Propagation (BP) algorithm popular for decod-

ing LDPC [2]. Due to the good error correction performance with LDPC codes, the

BP algorithm was applied on RS codes [21]. A major challenge for this implemen-

tation is the dense nature of the parity check matrix of RS codes which directly

affects error correction performance. This is because messages passed from the

check to variable nodes in the Tanner graph [2] get stuck in pseudo equilibrium

points due to the occurrence of small cycles. These small cycles are detrimental

for the performance of the decoder and exchange of soft information in the de-

coding process. Additionally, the algorithm has a relatively high computational

complexity.

Jiang et al [22] introduced the Adaptive Belief Propagation (ABP) algorithm. The

algorithm works by iteratively adapting the parity check matrix and performing



Chapter 1. Introduction 3

a Binary Image Expansion on the same matrix (BIE). This in turn results in in-

creased sparsity of the parity check matrix and reduces the occurrence of small

cycles that degrade decoding performance. The gains come at the cost of an in-

creased computational complexity. This led to the work in [23] which applied the

Sum Product Algorithm (SPA) a version of the BP algorithm to RS codes. This

approach improved the overall convergence rate of the iterative decoder but did not

tackle the computational complexity vs performance issue. The approach in [24]

highlighted how to increase the sparsity of a non-binary parity check matrix then

implemented the Q-ary Sum Product Algorithm (QSPA). The approach gave a

good error correction performance without further increasing computational com-

plexity. Although, various avenues of iterative decoding of RS codes have been

explored, improving the error correction performance of RS codes is still ongoing

research.

Deep learning techniques have shown great potential in solving problems in FEC

codes [25–27]. Nachmani et al [18] proposed applying deep learning techniques

on the BP algorithm for BCH codes and LDPC codes. When compared to the

original BP implementation, applying deep learning improved the error correction

performance. It is important to highlight that the deep learning approach im-

proved performance without increasing the computational complexity cost of the

BP decoder. Zhang et al [17] investigated deep learning approach on Stochas-

tic Shifting Based Iterative Decoding (SSID) for RS codes using BP algorithm.

They implemented a neural network decoder by applying pre-trained weights on

the nodes of the tanner graph. The variable weights are based on the damp-

ing factor to replace the scalar parameters. The proposed approach improved

error correction performance compared to the original SSID BP implementation

[17]. There was an improvement in the error correction performance as a result

of applying deep learning without an increase of computational complexity. Due

to deep learning techniques improving iterative soft-decision decoding other deep

learning approaches have been explored to further improve the error correction

performance gains of iterative soft-decision decoders.
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Graph Neural Networks (GNN) [28–30] are a class of neural networks designed

to work with data that can be represented in graphs. Graphs are mathemati-

cal structures that consist of nodes (vertices) and edges connecting those nodes.

GNN have gained significant attention in various fields including IoT systems [31],

and Quantum error correction [32]. Crammer et al [33] utilized this background

to build a graph structure based on the Tanner graph. The messages exchanged

between the check and variable nodes, as well as their respective neighbors, are

structured into multiple GNN layers. This implementation was tested with BCH

and LDPC codes. The method has significant performance gains with less itera-

tions compared to the artificial neural belief propagation algorithm.

In this research, we investigate the application of error correction and deep learning

techniques to improve iterative soft-decision decoding of RS codes. The objective

is to construct a sparse parity check matrix that facilitates efficient exchange of

soft information during the iterative decoding process. The impact of the sparse

implementation on the error correction performance is investigated using the BP

algorithm and the artificial neural belief propagation algorithm, which is adapted

for RS codes. Existing literature demonstrates that the application of GNN based

BP decoders has primarily been implemented on binary codes. Therefore, this

work proposes a GNN-based BP decoder adapted for RS codes, which are inher-

ently non-binary. This adaptation is achieved by implementing the decoder on a

bit-level, resulting in longer and relatively denser codes compared to BCH codes.

The primary aim of this adaptation is to reduce the number of iterations required

for decoding the received vector, referred to as the iterative convergence rate and

improve error correction performance.

1.2 Problem Statement

RS codes are characterized by a dense parity check matrix which directly affects

the performance of soft-input and soft-output iterative decoders. This is due to

the increased occurrence of small cycles. Therefore messages sent between edges of

the Tanner graph get stuck on pseudo equilibrium points which degrades iterative
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decoding performance. Hence, this research work will look into ways of adding

sparsity to parity check matrix with the aim of improving the iterative decoding

performance.

The artificial neural belief propagation algorithm [17, 18] yields a performance

gain compared to the BP decoding algorithm without further increasing compu-

tational complexity [18]. This research aims to leverage this approach to improve

the error correction performance of soft-decision iterative decoding for RS codes,

alongside other error correction techniques. These techniques include investigating

the addition of sparsity to the RS parity check matrix. The objective is to improve

error correction performance without further increasing complexity.

Furthermore, in order to improve performance of iterative soft-decision decoding

while reducing the number of decoding iterations, this work proposes a GNN based

BP decoder for RS codes. In literature [33, 34], this implementation results in

improved decoding performance while reducing the number of decoding iterations

when compared to the artificial neural belief propagation for binary linear block

codes. Therefore a similar approach is applied to RS codes in order to replicate

the good error correction performance.

1.3 Research Question

The research work will answer the following question:

What error correction and deep learning techniques can be applied to iterative

soft-decision decoding of RS codes to improve error correction performance?

1.4 Research Objectives

The main objective is to improve the performance of iterative soft-decision decod-

ing of RS codes using deep learning. It is known that RS codes possess a dense

parity check matrix, which directly affects error correction performance. There-

fore, this research will focus on :
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1. Developing a method to add the sparsity to the parity check matrix for RS

codes by leveraging the cyclical properties possessed by this class of codes.

This is done with the aim of improving exchange of information during the

iterative decoding process.

2. Adaptation of the artificial neural belief propagation for RS codes. This is

done with the aim of improving the error correction performance for these

codes without adding computational complexity.

3. Developing a GNN model based iterative soft-decision decoder for RS codes.

The aim of this is to develop a GNN model for RS codes to improve er-

ror correction performance and reduce the number of iterations required to

decode the received vector.

1.5 Organization Of Dissertation

The remainder of this dissertation is organized as follows.

Chapter 2 - Background of Forward Error Correction Principles. This chap-

ter focuses on the principles behind Forward Error Correction (FEC) techniques

and provides a foundation of RS codes used in this research work. In addition,

this chapter provides a short overview of the BP algorithm and other advanced

deep learning soft-decision iterative decoders for RS codes. Additional background

information on neural networks is covered in preparation for later chapters.

Chapter 3 - Research Methodology. This chapter covers the process followed

to answer the research question. In several sections we present the core work of

this research from generation of data to model design and evaluation of the deep

learning implementations presented in work.

Chapter 4 - Improvements to Iterative Soft Decision Decoding for RS codes. The

proposed improvements include increasing sparsity on the RS code parity check

matrix. These improvements are tested on the BP algorithm and the artificial
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neural belief propagation. The results of the computer simulations implementing

these improvements are discussed.

Chapter 5 - Proposed Graph Neural Network Implementation on the Belief Prop-

agation Algorithm for RS codes. This chapter presents the GNN implementation

on BP algorithm for RS codes. This implementation is tested for different code

rates. The performance is compared with the proposed artificial neural belief

propagation.

Chapter 6 - Conclusion and Future Work. This chapter presents a conclusion of

the research done is this dissertation. This summary is based on the results from

the simulations.



CHAPTER 2

Background Review:

Forward Error Correction Principles

2.1 Introduction

This chapter covers the basics of Forward Error Correction (FEC), and the funda-

mentals of Reed Solomon(RS) error correction codes. In addition, the principles

behind the Belief Propagation (BP) algorithm are introduced along with differ-

ent techniques used to improve iterative soft decision decoders. Furthermore, this

chapter introduces deep learning and how this approach has improved iterative

soft decision decoding.

2.2 Forward Error Correction (FEC)

Forward Error Correction (FEC) [35–37] is a method that enables communication

systems to detect and correct errors in the data that is transmitted through a noisy

channel. The technique appends additional information to the original message

before transmitting it over a noisy channel, in order for the receiver to be able to

correct errors without retransmission of data. Fig. 2.1 shows the different classes

of FEC codes.

8



Chapter 2. Background Review: Forward Error Correction Principles 9

Forward Error Correction Codes

Block Codes

Binary Codes

Cyclic Codes - BCH Codes Linear Codes - LDPC Codes

Convolutional Codes

Non-Binary Codes - RS Codes

Figure 2.1: Classification Of FEC codes

As shown in Fig. 2.1 there are two main categories of FEC codes namely block

codes [1] and convolutional codes [1]. The main difference is that block codes split

the data into blocks of a fixed size and encode each block, while convolutional

codes encode the data continuously as it arrives, taking into account the previous

bits in the data stream. Linear block codes are preferred over non-linear codes

in this research work due to their advantageous linear properties [1]. Some of the

common examples of FEC block codes that will be discussed in this research are

Reed Solomon codes (RS) [4], Bose-Chaudhuri-Hocquenghem (BCH) codes [3] and

Low Density Parity Check codes (LDPC) [2].

2.3 Linear Block Codes

2.3.1 Construction Of Linear Block Codes

A linear block code is described as a (n,k) code where n is the length of the linear

block code and k is the number of information bits. The parity symbols, t, are

defined as

t = n− k, (2.1)
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and the rate of the block is defined as a ratio

R =
k

n
. (2.2)

Definition 2.1: Hamming Distance [1] of two codewords belonging to the code

c is defined as the difference of the total number of position between c1 and c2 of

equal length. This distance is denoted as the Hamming distance between c1 and

c2 belonging to the code c. It is expressed as

dh(c1, c2). (2.3)

Definition 2.2: Hamming Weight [1] of a codeword, c = [c1, ..., cn], is denoted

as w(c) and is defined as the number of non zero components of c. The relation

between hamming distance and hamming weight is expressed as follows

d(c1, c2) = w(c1 − c2). (2.4)

Definition 2.3: The minimum Hamming distance [1] of a linear block code is

expressed as the smallest distance between c1 and c2

dmin = min(dh(c1, c2 : c1, c2)). (2.5)

Definition 2.4: Maximum Distance Separable (MDS) codes [38] are a class of

error-correcting codes whose minimum distance for a given block length and code

size is represented by

dmin = n− k + 1. (2.6)
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These codes possess the ability to correct upto λ number of errors and can be

obtained as

n− k = 2λ, (2.7)

where λ is expressed as follows

λ =

⌊
dmin − 1

2

⌋
, (2.8)

and b·c is the floor function.

2.3.2 Finite Field Arithmetic

A finite field is often referred to as a Galois field. A Galois field is defined as

GF (qb) where q is a prime number and b is a positive nonzero integer.

Listed below are some of the properties of a finite fields:

1. Closure under two operations known as addition A + B and multiplication

A×B, where A and B are defined as an element in the finite field.

2. Adding or multiplying two elements from the finite field results in an element

in the same finite field.

3. The additive identity 0 must exist such that A+ 0 = A for all the elements

in the finite field.

4. The multiplicative identity of an element in the field is such that A× 1 = A

for all the elements

in the finite field.

5. For every element in the finite field, there is an additive inverse element A in

the finite field, and there exists another element B in the finite field where

A+B = 0. The element B is defined as −A.
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6. For every element in the finite field, there is an multiplicative inverse element

A in the finite field, and there exists another element B in the finite field

where A×B = 1. The element B is defined as A−1.

7. The associative, (A×B)×D = A× (B ×D), and commutative, (A×B) =

(B × A), laws apply for all the elements A,B,D in the finite field.

Definition 2.5: A Galois Field is made up of a finite set of elements and

arithmetic functions such as addition, multiplication can be performed. The Galois

Field is denoted as GF (qb) where q is a prime number and b is a positive nonzero

integer.

Definition 2.6: A Primitive element of GF (qb) is a non zero element β, in

the field. That is, the power of the primitive elements β can be used to generate

all the nonzero element in the field.

2.3.3 The Generator Matrix (G), Parity Check Matrix (H)

and Syndrome Of A Linear Block Code

The generator matrix for an (n, k) linear block code C is defined by k linear

independent vectors that are codewords belonging to the same sub-space as C and

the generator matrix has the dimensions k × n. The generator matrix G is used

generate codewords c from a message M using (2.9)

c = M×G. (2.9)

The generator matrix can be represented in systematic form and is expressed as

follows

G = [P, Ik], (2.10)

where Ik is the (k × k) identity matrix and P is a k × (n− k) parity sub-matrix.
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The parity check matrix H of an (n, k) linear block code is known as the dual code

of the generator matrix. Similar to the G matrix, the H matrix can be represented

as a systematic parity check matrix. The matrix is partitioned into an information

sub-matrix and a parity sub-matrix. These dimensions are represented as follows:

H = [I(n−k), P
T ]. (2.11)

The parity check matrix exists in the dual space with the generator matrix. The

parity check matrix is denoted as H. The G and H matrices have to satisfy

G×HT = 0. (2.12)

Since G is made up of k linearly independent codewords, a valid codeword satisfies

(2.13). This is referred to as the syndrome check S. The syndrome check S is

represented as a zero vector of length (n− k)

s = c × HT = 0. (2.13)

If the syndrome s is a zero vector of length (n − k) then the syndrome check

is satisfied and the codeword is considered valid. If this is not the case then

the decoder has detected errors in the received codeword. As seen (2.13), the

H matrix is essential for the syndrome calculation and is commonly used as a

stopping condition during soft decision iterative decoders of RS codes.

2.4 Reed Solomon Codes (RS)

RS codes are a class of non-binary BCH codes which were introduced in 1960 by

Irving S.Reed and Gustave Solomon [4]. RS codes are classified as linear cyclic

codes and have been used in a number of communication systems due their favor-

able algebraic properties [6, 23, 39]. They have some advantages that make them
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compatible with different decoding schemes. Similar, to other linear block codes,

the transmitted message is divided into different blocks as shown in Fig. 2.2.

k 2t

n

information symbols parity symbols

Figure 2.2: Reed Solomon (RS) Codeword

Fig. 2.2 illustrates an example of an RS codes with a systematic structure, where

the codeword is divided into two blocks, the information symbols and parity sym-

bols. The information block consists of k information symbols and the parity block

consists of n− k parity symbols. RS codes consist of the following properties

1. Block length: n = qb − 1,

2. Length of parity check symbols : t =
⌊
n−k

2

⌋
,

3. Length of information symbols : k = n− 2t,

4. Minimum Distance : dmin = 2t+ 1.

2.4.1 Generator Polynomial And Parity Check Polynomial

A (n, k) RS code can be defined by the generator polynomial g(x) [37] and the

parity check matrix polynomial. The generator polynomial of the RS codes over

GF (qb) of length n = qb − 1 has a degree of (n− k) and can be denoted as

g(x) =
n−1∏
i=k

(x− β−i). (2.14)

The parity check polynomial h(x) [37] is obtained using similar calculation as that

of the generator polynomial g(x). The parity check polynomial h(x) has a degree

k and is expressed as
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h(x) =
k−1∏
i=0

(x− β−i). (2.15)

2.4.2 The Generator Matrix And Parity Check Matrix

From (2.15) the generator polynomial g(x) can be rewritten as

g(x) = (x− β−k )(x− β−(k+1) ) · · · (x− β−(n−1) ), (2.16)

g(x) = g0 + g1x+ g2 x
2 + · · ·+ gn−k x

n−k. (2.17)

Based on the properties of cyclic codes, the generator matrix G of a (n, k) RS code

can be created by cyclically shifting coefficients of the polynomial k times to give

the form shown in

G =



g0 g1 g2 . . . g(n−k) 0 0 . . . 0

0 g0 g1 g2 . . . g(n−k) 0 . . . 0

0 0 g0 g1 g2 . . . g(n−k) . . . 0
...

... . . .
...

0 0 . . . 0 g0 g1 g2 . . . g(n−k)


. (2.18)

The generator matrix can also be represented in systematic form as follows

G =


P1,1 P1,2 . . . P1,n−k 1 0 . . . 0

P2,1 P2,2 . . . P2,n−k 0 1 . . . 0
...

...
. . .

...
...

...
. . .

...

Pk,1 Pk,2 . . . Pk,n−k 0 0 . . . 1

 , (2.19)

where Pi,j represents the elements of GF (qb) in the parity sub-matrix, as defined

in (2.10).
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Another common representation of the the generator matrix is referred to as a

Vandermonde matrix and is shown in

Gvan =



1 1 . . . 1

1 β1 . . . β(n−1)

1 β2 . . . β2(n−1)

...
... . . .

...

1 βk−1 . . . β(k−1)(n−1)


, (2.20)

where β represents the primitive element of the field.

The parity check matrix H is also obtained in a similar way to that of the generator

matrix. Firstly, the equation for the parity check polynomial is expanded from

the form shown in (2.15) [37].

h(x) = (x− β0 )(x− β−1 ) · · · (x− β−(k−1) ), (2.21)

h(x) = h0 + h1 x+ h2 x
2 + · · ·+ hk x

k. (2.22)

The parity check matrix is then created by shifting the coefficients of h(x) by

(n− k) times as shown in (2.23)

H =



hk h(k−1) h(k−2) . . . h0 0 0 . . . 0

0 hk h(k−1) h(k−2) . . . h0 0 . . . 0

0 0 hk h(k−1) h(k−2) . . . h0 . . . 0
...

... . . .
...

0 0 . . . 0 hk h(k−1) h(k−2) . . . h0


. (2.23)

Similar to the generator matrix, the parity check matrix can also be represented

in systematic form as follows
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H =


1 0 0 . . . 0 P T

1,1 P T
1,2 . . . P T

1,k

0 1 0 . . . 0 P T
2,1 P T

2,2 . . . P T
2,k

...
...

. . .
...

...
...

. . .
...

0 0 0 . . . 1 P T
k,1 P T

k,2 . . . P T
k,k

 , (2.24)

where P T
i,j represents the elements of GF (qb) in the transposed parity sub-matrix,

as defined in (2.11).

Similar to the generator matrix, the parity check matrix can also be represented

in the Vandermonde matrix form as follows

Hvan =


1 β1 . . . β(n−1)

1 β2 . . . β2(n−1)

...
... . . .

...

1 βt . . . βt(n−1)

 . (2.25)

2.4.3 Encoding Of Reed Solomon Codes

Let the message vector m to be defined as

m = [m0,m1, . . . ,mk−1], (2.26)

the message polynomial M(x) is defined as

M(x) = M0 +M1x + ...+Mk−1x
k−1. (2.27)

The encoding process involves multiplication of M(x) with the generator polyno-

mial g(x) as shown in (2.29)

g(x) = g0 + g1x + g2x + ...+ gn−1x
n−k, (2.28)
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c(x) = M(x)× g(x). (2.29)

2.4.4 Decoding Of Reed Solomon Codes

The problem of effectively decoding RS codes has be investigated for many years

[12, 15, 21, 23, 40]. This has led to the implementation of various algorithms and

techniques for decoding this class of codes. There are two categories of decoding

techniques, namely hard decision and soft decision decoders. Soft decision decoders

such as the ones presented in [16, 40–42] have shown significant gain in error

detection and correction. In addition, exploration of deep learning techniques

[27, 43] has become a point of interest for researchers to further improve error

correction performance of iterative soft decision decoding of RS codes.

2.5 Iterative Soft Decision Algorithms

2.5.1 Belief Propagation Algorithm

Popular iterative soft decision algorithms, such as the Belief Propagation (BP)

algorithm, also known as the Sum Product algorithm (SPA), are well-known mes-

sage passing algorithms famous for working with LDPC codes [2]. The BP decoder

significantly improved performance for soft decision decoders. This algorithm is

characterized as a message passing algorithm due to the exchange of messages

through a graph structure. The graph structure is represented by a graphical

model commonly referred to as a Tanner graph [44]. The Tanner graph is a rep-

resentation of both the parity check matrix of a code and its decoding algorithm.

The algorithm functions by iteratively exchanging messages between the nodes

of the graph, referred to as the variable nodes associated to the columns in the

H matrix, and check nodes associated to the rows in the H matrix. The edges

represent the connections between the variable and check nodes which correspond

to the non-zero bits in the parity check matrix.
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To better illustrate the Tanner graph, take an example of a (7,4) linear block code,

the parity check matrix H is expressed as follows

H =


1 1 1 1 0 0 1

1 1 0 1 0 0 0

0 0 0 1 0 1 1

0 1 1 0 0 1 1

 . (2.30)

Fig. 2.3 illustrates the corresponding Tanner graph representation of the parity

check matrix (2.30).

u0 u1 u2 u3

v0 v1 v2 v3 v4 v5 v6

Check Node

Variable Node

Figure 2.3: Tanner Graph Representation

As shown in Fig. 2.3, the two groups of nodes in a Tanner graph are the variable

nodes v (column) and the check nodes u (row). The rule for drawing a Tanner

graph for a code is that there is an edge connection between check node and

variable node if the element Hvu = 1. Fig. 2.3 also shows short cycles(denoted by

the red lines) of length 4 in the Tanner graph which affect the exchange of soft

information due to messages getting stuck in pseudo equilibrium points. These

short cycles degrade the performance of the BP algorithm when applied for RS

codes. This a major issue for iterative decoders like the BP algorithm. There

are two versions of the BP algorithm which are known as the probability and

log domain BP algorithm. In this research we will work with the log-domain BP

algorithm [18, 21, 23] for a fair comparison with our model.

In this research we will work with the log-domain BP algorithm for a fair compar-

ison with our model
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Algorithm 1: Log-Domain BP algorithm

Input: The received vector,r, from the channel. The probabilities P (cj = 1|rj)
and P (cj = 0|rj). The maximum number of iterations Tmax is set.

Output: Decoded vector r̂
. Initialize: Obtain the the LLR values

P (cj=1|rj)
P (cj=0|rj) based on the channel. Set

L(p
(1)
i,j ) = Lj for all (i, j) with Hi,j = 1

.
repeat

• Check Node Update: The extrinsic information ,L(ai,j) is updated
based on the LLR values,

L(e
(f)
(i,j)) = 2 tanh−1

(∏n
j̀=i,j̀ 6=j,H(i,j̀)=1 tanh

(
L(pi,j)

2

))
.

• Variable Node Update: LLR values Lj are updated based on the
extrinsic information,

L(pi,j)
(T +1) = Lj +

∑(n−k)

ì=1,̀i 6=i,Hi,j=1
+a

(T )
i,j .

• Calculation Of Total LLR:

L(Total)j = Lj +
∑(n−k)

i=1,Hi,j=1 La
(T )
i,j ,

• Hard Decision Vector r̂:

r̂ =

{
1 ifL(Total)j > 0,

0 ifL(Total)j < 0.

• Syndrome Check: S = r̂ ×HT

• Stopping Criteria:

– If the syndrome check condition S = 0 is satisfied the algorithm
breaks.

– If the condition is not met S 6= 0 then T = T + 1

until T = Tmax;

2.5.2 Log-Domain Belief Propagation

The log-domain BP algorithm [1] iteratively handles soft information in the form

of log-likelihood ratios. The log-domain BP algorithm has two stages namely

the variable node update and the check update in order to correct the extrinsic

and intrinsic information respectively. Algorithm 1 shows the pseudo code for

log-domain BP algorithm for an iteration T .
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2.5.3 Binary Image Expansion (BIE)

During the decoding process, the conversion from symbol-level to bit-level is also

applied to the parity check matrix, which plays a crucial role in the decoding

process. This conversion is accomplished through a process known as Binary

Image Expansion (BIE) [37].

BIE involves the process of converting a symbol-matrix into its bit representation.

In the context of the parity check matrix of a RS code, the BIE technique utilizes

the bit-level representation illustrated in the Fig. 2.4.

Fig. 2.4 shows the bit representation for elements in GF (23) and expresses the

order of the elements in the field. The BIE approach is employed to construct

an b × b companion matrix [45], where b is the number of bits in the binary

representation based on the order of the element in the field as shown in Fig. 2.4.

The corresponding companion matrix replaces each corresponding symbol when

the code is converted to its bit representation.

Consider a (7,5) RS code, the corresponding parity check matrix as expressed as

follows

H =

1 2 4 3 6 7 5

1 4 6 5 2 3 7

 . (2.31)

The BIE [45] works on each symbol based on its position in the H matrix presented

in (2.31) as mentioned previously. From [21, 45] the companion matrix is based on

the symbol order presented in Fig. 2.4. The companion matrix is constructed by

using the bit representation of the reference symbol and the next b− 1 symbols as

Figure 2.4: Binary Representation Of Each Symbol
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shown in (2.32). For example, the binary representation of the β0 and β1 symbols

in the H matrix are expressed as

β0 = 1 =


1 0 0

0 1 0

0 0 1

 and β1 = 2 =


0 0 1

1 0 1

0 1 0

 . (2.32)

A similar approach is done for all the elements and the corresponding symbols in

(2.31) to give the matrix shown in (2.33)

Hb =



1 0 0 | 0 0 1 | 0 1 0 | 1 0 1 | 0 1 1 | 1 1 0 | 1 0 0

0 1 0 | 1 0 0 | 0 1 1 | 1 1 1 | 1 1 0 | 1 0 0 | 0 0 1

0 0 1 | 0 1 0 | 1 0 1 | 0 1 1 | 1 1 1 | 1 1 1 | 1 1 0

− − − | − − − | − − − | − − − | − − − | − − − | − − −
1 0 0 | 0 1 0 | 0 1 1 | 1 0 0 | 0 0 1 | 1 0 1 | 1 1 0

0 1 0 | 0 1 1 | 1 1 0 | 0 0 1 | 1 0 0 | 1 1 1 | 1 0 0

0 0 1 | 1 0 1 | 1 1 1 | 1 1 0 | 0 1 0 | 0 1 1 | 1 1 1


.

(2.33)

2.5.4 Adaptive Belief Propagation (ABP) Algorithm

The Adaptive Belief Propagation (ABP) [22, 23] algorithm is an extension of the

BP algorithm applied to High Density Parity Check (HDPC) such as RS codes.

The algorithm can be applied at both a symbol level and bit-level for RS codes.

The results show that the ABP algorithm outperforms other soft decision decoders

such as the Koetter and Vardy (KV) algorithm [15]. It is important to note that

this research focuses on improving iterative soft decision decoding of RS codes on

a bit-level. For this reason, the BP algorithm and its variations will be used to

investigate the error correction performance of RS codes.

The bit-level ABP algorithm, a version of the BP algorithm developed for RS

codes has the following stages
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a) Updating of the parity check matrix

During this stage, the received bit reliabilities undergo sorting from the most

reliable to the least reliable bit. These bit reliabilities are expressed as Log

Likelihood Ratios (LLR) shown in (2.34) which calculates the probability of

the received binary codeword bit cbi being a 1 or 0. In the equation L(xi)

represents the LLR of the channel for a received codeword yi. The H matrix

is converted to its bit representation using BIE resulting in a matrix with

the dimensions tb× nb where tb = t× b.

L(xi) = log
(cbi = 1|yi)
(cbi = 0|yi)

, (2.34)

for 1 ≤ i ≤ nb. The LLR are fed into the ABP algorithm.

b) Perform ABP on every iterations

For every iteration T , the BP process is carried out until Tmax are reached.

The L
(T )
ext represents the transmitted extrinsic information from the LLRs

from each bit in the codeword cbi for the updated parity check matrix H(T ).

L(T ) represents the updated LLRs. The í denotes the set of indices in i =

{nb : Htb,nb = 1} and j runs for 1 ≤ j ≤ tb.

L
(T )
ext (cbi)=

nb−kb∑
i=1

H
(T )
j,i =1

2tanh−1


nb∏
í=1

í 6=i,H
(T )

j́,i
=1

tanh

(
L(T )(cbi)

2

). (2.35)

c) Hard Decision

Updating the LLRs values

The LLR values are updated by a factor of α, where 0 < α ≤ 1 is the

damping coefficient and L(cbi) represents the LLRs of the bit .

L(T +1)(cbi) = L(T )(cbi) + αL
(T )
ext (cbi). (2.36)

d) Hard Decision

The value ĉbi is obtained under the following conditions to determine the
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value of cbi based on its calculated probability. If the conditions are met,

the termination criteria is applied if not another iteration is applied.

ĉi =

0 L(cbi) > 0

1 L(cbi) ≤ 0

. (2.37)

e) Termination Criteria

The syndrome calculation is as shown below

s = ĉi ×HT . (2.38)

If the maximum number of pre-set iteration Tmax is reached or if s = 0 then

the termination criteria is applied based on (2.38).

2.6 Deep Learning

Deep learning is a sub-field of machine learning which is a broader field of artificial

intelligence (AI) [46–48]. In deep learning, artificial neural networks, specifically

deep neural networks, are employed to model and solve complex problems [49, 50].

Deep learning has also been applied to FEC schemes [25, 43, 51, 52, 52]. De-

coding algorithms are essential for reliable communication systems, as they can

correct the errors that may occur during transmission. However, traditional de-

coding algorithms have some limitations, such as high complexity, and sub-optimal

performance. In recent years, in order to overcome these challenges, deep learn-

ing techniques have been introduced to design and optimize decoding algorithms

[26, 53, 54] . By applying deep learning techniques to decoding algorithms, re-

searchers have been able to improve the error correction performance and without

further increasing the complexity [18].
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2.6.1 Basic Concepts Of Neural Networks

This section will discuss some important basic concepts of neural network princi-

ples [55] used in this research work.

• Neural Network (NN) [55] - Neural networks are the building block for deep

learning. They are made up of interconnected neurons which are arranged

into layers that transform information.

• Multi-Layer Perception (MLP) [56] - The MLP is a type of feed forward

artificial neural network which is made up of the fully connected neurons.

For instance, the input layer receives the input information, the hidden layer

perform certain tasks on the incoming information and final output layer

process information from the hidden layers.

• Weight [57] - The weights play a fundamental role as they dictate the strength

of connections between neurons across various layers in the neural networks.

Through the training phase, these weights undergo adjustments aimed at

minimizing prediction errors, thereby enabling the network to learn from

data and generate precise predictions.

• Weight Initialization [57] - Weight initialization involves setting the initial

model weights. This is essential for model training and convergence.

• Loss Function [57] - The loss function in the neural network measures the

performance and the accuracy of the neural network model during the train-

ing phase. This research will be utilizing the Binary Cross-Entropy (BCE)

denoted as [57]

− 1

N

N∑
i=1

yi · log(p(yi)) + (1− yi) · log(1− p(yi)), (2.39)

where p(yi) represents the probability of 1 and 1− p(yi) represent the prob-

ability of getting a 0.
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• Hyperparameters [58] - These are parameters set before training for fine

tuning the training stage for the deep neural network model such as the

batch size, learning rate and the number of hidden layers.

• Learning rate [48] - The learning process adjusts the step size during each

training epoch to minimize the loss function.

• Batch size - This parameter specifies the number of training samples. The

batch size directly influences the stability of the training process.

• ADAM Optimizer [59] - This a type of optimization algorithm utilized for

updating the weights.

• Gradient Descent [58] - This is defined as an optimization technique em-

ployed to minimize the loss function of the model, thereby adjusting the

weights of the model accordingly.

• Xavier/ Glorot Initialization [48] - This method is a form of weight initializa-

tion technique, setting initial weights according to a predefined distribution

to assist in stabilizing the model’s training process.

• Feed-forward Phase [48] - This is defined as the process of feeding data

into the neural network model and it propagates forward through the neural

network.

• Backpropagation [48] - This is defined as the process of adjusting the model

weights of the neural network model by analyzing the error from the training

process.

• Activation Function [48] - An activation function is a mathematical function

applied to the output of a model, facilitating the learning of complex patterns

and aiding in accurate prediction. This research will utilize the sigmoid

activation function shown in (2.40) and tanh activation function shown in

(2.41)

f(x) =
1

1 + e−x
, (2.40)
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f(x) =
e(x) − e(−x)

e(x) + e(−x)
. (2.41)

2.6.2 Iterative Soft Decision Decoding Using Deep Learn-

ing

Deep learning was first applied to linear block codes in the form of an artificial

neural network [18, 25, 60]. Nachmani et al [18], first introduced this approach on

BCH codes, by applying weights to messages from variable nodes and check nodes,

initializing these weights to 1, thereby achieving improved error correction perfor-

mance without increasing the required computational complexity [18]. Zhang et

al [17] extended this approach to RS codes by leveraging the Stochastic Shifting

Iterative Decoder (SSID) with a cyclic parity check matrix and variable weights

determined by the damping factor, leading to improved error correction perfor-

mance. The authors in [52] used different forms of neural network structures to

investigate how different neural networks improve iterative soft decision decoding.

2.6.3 Architecture Of The Neural Belief Propagation Al-

gorithm

The artificial neural belief propagation algorithm [18] proposed applying weights

on the outgoing variable nodes messages. The variable weights are based on the

number of non-zero bits in the parity check matrix for T iterations of the decoding

algorithm. This method was applied to BCH codes [18]. This version of the

artificial neural belief propagation algorithm is an important foundation for the

work done this research. The weight are initialized to 1, therefore the artificial

neural belief propagation maintains the same computational complexity [18] as

the conventional BP algorithm . The weights are implemented on the variable

and check node connection of the Tanner graph. In (2.42) shows the variable node
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update [18].

xi,e = v, u = tanh

(
wilv +

∑
é=(v,ú), ´u6=uwi,e,éxi−1,é

2

)
, (2.42)

where w represents the weights applied to the variable node. For the messages

sent from the variable v to check node u and the edge e connecting the node. For

the check node update is computed as follows [18]

xi,e = v, u = 2 tanh−1

 ∏
é=(v́,u),v́ 6=v

xi−1,é

 , (2.43)

where xi,e represents the check node update for the artificial neural belief propa-

gation algorithm. The output layer computes the final network output after the

model is trained. This allows the model to be trained using the sigmoid function.

2.6.4 Graph Neural Networks (GNN)

Graph Neural Networks (GNN) [28, 61] have shown great potential in the rep-

resentation of various networks such as social networks [62, 63] and computer

vision [64]. Leveraging the graph domain, GNNs capture relationships between

element inherent in various fields, setting them apart from traditional neural net-

work architectures that process Euclidean data structures [30]. Due to their good

performance, GNNs have gained widespread adoption in recent years as a graph

analysis model [28, 31, 64]. GNN models have been implemented with modern

FEC schemes [33, 34, 65, 66]. They have achieved significant improvements in

error detection and correction by representing data as graphs, where each node

and its neighbors are taken into account during the training process. An early

attempt of the application of GNNs to FEC schemes codes was on BCH codes

[33], where a GNN architecture was designed based on iterative message passing

decoder. The method integrated the GNN model with a Tanner graph represen-

tation [34, 66] of the BP algorithm. The results showed that the GNN based BP
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algorithm outperformed the artificial neural belief propagation algorithm in terms

of error correction performance and convergence speed. Although the GNN model

is relatively more complex, it achieved performance gains over the artificial neural

belief propagation model while requiring fewer iterations to decode the received

vector.

2.6.4.1 Basic Concept Of Graphs

This section will look at some essential basic concepts of graphs [28] that are vital

for this research work .

• Graph [30] - A graph is made up of a group of nodes and a group of edges,

where nodes denote the variable node and check nodes while the edge set

represents the relationship between the variable node and edge connection.

• Neighborhood [30] - The neighborhood of a specific node is defined as the

relationship of that node and other nodes in the graph.

• Node-level tasks [30] - These denote the machine learning tasks related with

graph node.

• Edge-level tasks [30] - These denote the machine learning tasks related to

the connections between the graph nodes.

• Graph-level task [30] - These refer to the machine learning takes related to

the entire graph.

• Graph embedding [30] - This involves representing each node in a graph as a

vector, capturing information about the node and the graph structure within

this vector representation.

• Feature vector [30] - These refers to characteristics or attributes of the nodes

in the graph.

The Table 2.1 below illustrates the basic notation and functions used throughout

this dissertation based on [28].
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Table 2.1: Graph Neural Networks Notations .

Parameter Notation/Function

A graph G
Edge-Set E
Node-Set V and U

Function f with a of domain A and range B f : A→ B
A function of x parametrized by θ f(x; θ)

A feature vector F of node x Fx

2.6.4.2 Construction Of The GNN Model

The GNN model is integrated into the message passing BP algorithm. This means

that the way the BP algorithm sends messages directly relies on the structure of

the graph, and the GNN model is built using information learned from the graph.

To combine these two message passing algorithms, the GNN implementation is

built on top of the Tanner graph [34, 66]. Fig. 2.5 represents the equivalent GNN

representation of the Tanner graph.

u0 u2 u3

v0 v2 v4 v5 v6

Check Node

Variable Node

vi

uj

vk

Figure 2.5: The Equivalent Graph Representation Of The Tanner Graph

In Fig. 2.5 shows the messages between the check node and variable node denoted

in blue based on the GNN structure. Messages are sent between the variable nodes

and check nodes. Therefore, the messages based on the Tanner are expressed as

follows:

• From Variable Node to Check Node - mvi → muj

• From Check Node to Variable node - muj → mvk
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This is how the GNN model processes the messages exchanged within the Tanner

graph. Afterwards, the graph is constructed taking into account the relationships

and connections between edges.

2.6.4.3 Message Passing GNN Based On The Tanner Graph

Based on Fig. 2.5 the message passing in the GNN model based on the Tanner

graph representation [33] is expressed as follows:

• Variable Node - For every variable node, denoted as vi, the group of all

variable nodes is represented by V .

• Check Node - For every check node, denoted as uj, the group of all check

nodes is represented by U .

• Variable node neighborhood - V (uj) represents the neighborhood of uj. For

example, the group of all the variable nodes vi connected to check nodes uj.

• Check node neighborhood - U (vi) represents the neighborhood of vi. For

example, the group of all the check nodes uj connected to the variable nodes

vi.

• Edges/messages - E represents the edge/messages (ei,j = (vi, uj) ∈→ Hj,i =

1). The group of all edges ei,j = (vi, uj) in the graph.

• Node values - Every individual node calculates a Fn dimensional vector, rep-

resenting the feature vector of the node’s dimensionality. Consequently, Fn

dimensional vectors are obtained for the nodes {hvi , huj} ∈ RFn , where each

vector corresponds to a variable node vi and check node uj. Dimensionality

refers to the components in the feature vector that represent the node.

• (Directed) edges values - For every individual directed edge, there is given

Fm dimensional value for the message passing from the variable node to the

check node, and vice verse as shown in Fig. 2.5. These values are denoted as

{mvi→uj ,muj→vi} ∈ RFm . It is important to note that because the messages

are computed in different directions, the values are also different.
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• Node attributes - These are characteristics given to each node in the graph.

These attributes, represented as {gvi , guj} ∈ RFna , are dependent on the

direction of the edges connected to the nodes.

• Edge attributes - Each edge in the graph is assigned a specific attribute,

denoted as {gmvi→uj
, gmuj→vi

} ∈ RFma . These attributes are unique to each

edge and vary depending on the direction of the edge. In total 2|E | attribute

exist.

2.7 Differences Between GNN And ANN Structure

This section presents a comparison between Artificial Neural Networks (ANNs)

and Graph Neural Networks (GNNs) in machine learning. ANNs [59] are adept

at processing structured data like images and sequences, while GNNs special-

ize in analyzing graph-structured data. ANNs utilize feedforward and recurrent

structures with gradient-based optimization. In contrast, GNNs operate on graph-

based architectures, employing message passing algorithms [64]. Understanding

these differences aids in selecting suitable techniques for various machine learning

tasks.

2.8 Flow-Chart Notation

Flow charts [69] are utilized in this dissertation to represent algorithms and data

flow. The notation used in this research is summarized in Table 2.2.

2.9 Summary

This chapter introduces the fundamental concepts essential for this research. The

main aim of this chapter is to explain the core concepts behind FEC, RS codes,

iterative soft decision decoding, and the integration of deep learning into iterative
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Table 2.2: Flow-Chart Notation

Type Example Description

Start/End Represents the start/end of an algortihm

Process Describes a single operation specified in the flowchart

Decision A boolean decision branch

soft decision decoding. Additionally, this chapter reviews related work on improv-

ing iterative soft decision decoding of RS codes. It establishes the need for further

performance improvements using modern deep learning techniques.



CHAPTER 3

Research Methodology

3.1 Introduction

In this chapter, the methodology employed in this research to improve the per-

formance of iterative soft decision decoding of RS codes. The approach involves

applying Artificial Neural Networks (ANN) and Graph Neural Network (GNN)

models. A step-by-step implementation of the ANN and GNN models is outlined,

detailing the strategies and techniques that are used in the development of the

models for the research work.

The research methodology chapter is arranged as follows:

• Neural Belief Propagation (NBP) Decoder - This section will look

at, the ANN model implementation including the model architecture, model

training and model evaluation used in this research. We will refer to this

implementation as the proposed Neural Belief Propagation (NBP) decoder.

• GNN Based BP Decoder - This section will look at the GNN model

implementation, including the development of the graph structure for the

BP decoder architecture.

34
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3.2 Proposed NBP Decoder

3.2.1 System Design

The proposed model is based on a similar model in [18]. Fig. 3.1 illustrates the

proposed system model for the proposed NBP algorithm.

BPSK Modulation AWGN Channel Neural BP Decoders rEncoderz c
ĉ

Figure 3.1: System Model Of The Proposed NBP Decoder

At the transmitter, inputs z are RS messages. The output from the encoder c

is then mapped using BPSK modulation. The BPSK symbols s are transmitted

through a AWGN channel. At the output of the AWGN channel, r is received.

The log-likelihood ratios are then calculated from r and fed into the proposed NBP

decoder similar to [18] which outputs the estimated codeword ĉ. Each process is

described as follows

Encoding And Modulation

The encoding process is executed in two ways :

• All-Zero Codewords - This process involves using a batch of zero codewords

of length nb which are fed in the NBP model. This method is explored for

a fair comparison with the work in [18].

• RS Encoded Codewords - A batch of random codewords are generated using

the RS encoder provided by the Galois library [70]. These codewords are

converted to bit-level as discussed in Section 2.6.1. This method is used

for comparison with the GNNBP model, which will be discussed in a later

section.

The codewords are than modulated using BPSK modulation scheme. Due to

computational constraints, the maximum length is set to n = 31. Therefore, the

maximum bit-level length is nb = 155.
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Channel Simulation

Channel simulation is achieved using the AWGN Channel . The channel’s SNR is

measured as Eb
N0

and is varied in 1 dB increments from 1dB to 7 dB.

Generating The LLR Matrix

The received signal r at each SNR are demodulated. This produces the LLRs

vector for each codeword in the batch as required by the the NBP decoder.

3.2.2 NBP Model Architecture

As denoted by Nachmani et al [18] the NBP utilizes additional weights on the

variable node and check node connection in order to scale the outgoing messages.

The proposed neural network takes a similar approach. However, the proposed

NBP decoder implements a scalar damping factor α in addition to the variable

weights to optimize the weighted messages. Fig. 3.2 shows how the weights are

applied to variable and check node connections in the proposed neural network

model.

3.2.2.1 Model Training Phase

In order, to construct a NBP model that can predict the transmitted codeword,

it is essential to train the model to perform optimally. This section discusses the

main components of the model training process such as the loss function, batch

size, number of training iterations and optimization method. The SNR values of

training sample are an essential part of the model training phase. This is because

it affects the performance of the model as it regulates the amount of noise added

to the model. Depending on the encoding process utilized the training phase is

described as follows:
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Figure 3.2: NBP Model Architecture

• All-zero codewords - For the all-zero codewords, the training is established

on [18, 71]. A fixed SNR value is used to train the model. The selected model

components for training the proposed NBP algorithm are shown in Table 3.1.

• RS encoded codewords - For the RS encoded codewords, the training is

based on [71]. This specific version of the proposed NBP algorithm is em-

ployed to assess the iterative decoding performance of the GNNBP model.

Since the GNNBP algorithm does not function well with all-zero codewords

[33], it is important for a fair comparison to implement the encoding pro-

cess for the proposed NBP algorithm. Furthermore, since GNNBP requires

extensive training, similar training is applied to the proposed NBP model.

This step ensures a fair comparison of error correction performance.

Table 3.1 and Table 3.2 show the training parameters for the proposed NBP algo-

rithm for all zero codewords and RS encoded codewords based on the work done

in [18, 33, 34, 71].
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Table 3.1: NBP Model All-Zero Codewords Hyperparameters.

Parameter Hyperparameters

SNR Value 4
Activation Function tanh

Number Of Iterations 20
Learning Rate 10−2

Batch Size 1000
Batch Size Validation Set 1000

Train iteration 200
LLR clipping 10

SNR Validation -
Optimization Method ADAM optimizer

LLR clipping 10

Table 3.2: NBP Model RS Encoded Codewords Hyperparameters Used For
Comparison With The GNNBP algorithm.

Parameter Batch 1 Batch 2 Batch 3

SNR value 5 5 6
Activation Function tanh
Number of iterations 20 20 20

Learning Rate 10−2 103 10−3

Batch Size 2000 2000 2000
Batch Size Validation Set 2000

Train iteration 300 1000 1000
SNR Validation 7

Optimization Method ADAM optimizer
LLR clipping 10

3.2.2.2 Model Validation Phase

This section discusses the model validation process for the proposed NBP algo-

rithm. A validation dataset is used to provide an unbiased evaluation of the

model’s performance on the training dataset while tuning its hyperparameters.

The model validation phase utilizes data from the training phase to ensure fine-

tuning of the model. Depending on the encoding process utilized the model vali-

dation phase is described as follows:

• All-zero codewords - The validation process for all-zero codewords is based
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on the approach established in [18, 71]. In this process, validation is carried

out every 10 training iterations. After each set of iterations, a new batch of

1000 samples with random SNR values is generated, and the model predicts

the codewords for this batch. The BCE is then calculated. This validation

approach is adjusted to account for the transmission of all-zero codewords.

The model components selected for validating the proposed NBP algorithm

are shown in Table 3.1.

• RS encoded codewords - For the RS encoded codewords, the validation

process is based on [71]. As mentioned in Section 3.2.2.1, this version of the

NBP algorithm is utilized to evaluate performance of the GNNBP algorithm.

We utilize a dataset comprising 2000 samples. The performance of the model

is evaluated for a specific SNR, as detailed in Table 3.2.

During the validation phase, data from the training process is used to fine-tune

the model, making adjustments to improve its training process. This phase is

especially important for optimizing the hyperparameters of the NBP algorithm.

3.2.2.3 Model Testing Phase

This section discusses the model testing, for the proposed NBP algorithm. Detail-

ing how to evaluate model performance using the testing datasets. The dataset

is used to provide an unbiased evaluation of model after training and validation

phases are completed. The performance of the trained NBP model is evaluated

based on the following:

• Testing set - The trained model is evaluated by using a batch size of 10000

codewords.

• Range of SNR values - As mentioned in Section 3.2.4 the SNR affects the

performance of the NBP model. Therefore, unlike the model training stage

which used a fixed SNR, a range of unseen SNR values are used to test model
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how the model performs under different noisy conditions. The SNR range

used in the testing stage is from 1dB to 7 dB [18].

Following the simulation, the Bit Error Rate (BER) is measured and plotted

against the range of SNR values. The performance of the proposed NBP model

is compared to the BP decoder in order to evaluate performance of the proposed

decoder.

3.2.3 GNNBP Algorithm Overview

As described in Section 2.6.4.2, the GNN integrates with the Tanner graph to

build a model for the BP algorithm. A GNN structure for BCH codes and LDPC

codes is proposed in [33]. A summary of the steps are presented below:

1. Log-likehood ratio (LLR) are generated from the received vector. These

LLRs initialize the graph nodes and features which will be used to interpret

information about the graph.

2. Messages m from the variable nodes to check nodes are exchanged in the

graph in both directions.

3. Messages m from the variable nodes and check nodes are updated accord-

ingly.

4. These steps are repeated iteratively until iteration Tmax is reached.

5. Hard decision vector of the updated LLRs is computed at the last layer.

The proposed model is based on similar models in [33, 34]. Fig. 3.3 illustrates the

proposed system model for the GNNBP decoder.

BPSK Modulation AWGN Channels rEncoderz c GNN Based BP Decoder
ĉ

Figure 3.3: System Model For The GNNBP decoder
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At the transmitter, inputs z are RS messages. The output from the encoder c

in then mapped using BPSK modulation. The BPSK symbols s are transmitted

through a AWGN channel. At the output of the AWGN channel, r is received.

The log-likelihood ratios are then calculated from r and fed in to the GNNBP

decoder similar to [33] which outputs the estimated codeword ĉ.

3.2.3.1 Generation Of Codewords

Due to computational complexity constraints of the GNN, the maximum codeword

lengths that are utilized in the research is limited n = 15. Therefore the simulation

is run with a GF (16) RS codes and the bit-level length is nb = 60 respectively.

3.3 Channel Model

This section describes the simulation setup for evaluating the performance of dif-

ferent RS codes in an Additive White Gaussian Noise (AWGN) channel [36]. The

channel model is an important aspect of this research, as it determines the noise

level and the error probability of the transmitted codewords. The channel capacity

C [1] of the AWGN channel is defined as

C =
1

2
log2

(
1 +

Eb

N0

)
, (3.1)

where Eb is defined as the energy per bit, and N0 represents the noise spectral

density. This is defined as the signal-to-noise ratio (SNR).

In order to evaluate the performance of a communication system at a given SNR

level, the transmitted signal or modulated signal is corrupted by additive noise with

a certain power. The noise power determines the SNR value in such simulations.

In real scenarios, SNR is usually expressed in decibels (dB). The received signal r

is expressed as

r = s+N , (3.2)
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where the transmitted signal is denoted as s and N represents a white Gaussian

noise which is the noise added by the AWGN channel.

3.3.1 Generating Bit Probabilities And Constructing The

LLR Matrix Through Binary Phase Shift Keying

(BPSK) Modulation

This section describes the approach used to calculate the log-likelihood ratio (LLR)

of codewords transmitted using Binary Phase Shift Keying (BPSK) modulation.

The work done in this research is on a bit level. Therefore, for bit-level RS codes

nb = n × b where b is the order of field GF (2b) and n is length of a symbol RS

codeword. Let cb be a bit-level RS codeword of length nb.

cb = [c1, c2, . . . , cnb]. (3.3)

The transmitted signal s is modulated by mapping the codeword cb onto BPSK

signal constellation. The BPSK modulation scheme is as follows for 1 < j < nb, if

cbj=1 it is mapped onto sj = 1 and if the cbj = 0 it is mapped onto sj = −1. The

received vector r is obtained after transmitting s (the modulated signal) through

an AWGN channel. The received vector r is represented as

r = [r1, r2, . . . , rnb]. (3.4)

The channel posterior probability that the bit cbj, given the information in the

received signal rj, can be obtained by rewriting the likelihood function as follows

P (cbj = 1|rj) =
1

1 + exp−
2rj

σ2

, (3.5)

assuming P (cbj = 1) = P (cbj = 0) = 1
2

the channel posterior probability for the

bit cbj = 0 [37, 67], given the information in rj, can be computed as.
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P (cbj = 0|rj) = 1− P (cbj = 1|rj). (3.6)

The channel posterior probabilities can be utilized to compute the Log-Likelihood

Ratios. The equation is defined as follows

L(cbj) = log
P (cbj = 1|rj)
P (cbj = 0|rj)

. (3.7)

Based on the equations in (3.12), (3.13), we can rewrite the LLR values obtained

from the calculation as follows

L(cbj) =
2rj
σ2
, (3.8)

where σ2 is defined as the noise variance.

3.4 Simulation Model

A comparative study is conducted to analyze the performance of the decoders

under different conditions. The system model shown in Fig. 3.4 will be used for

the proposed simulations.

Information Source RS Encoder BPSK Modulation

Demodulation

Decoder 2

Decoded Output 1

Decoded Output 2

Decoder 1

+AWGN Channel

Figure 3.4: Simulation Model
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The RS codeword is generated from the RS encoder. The codeword is then broken

down to its bit representation and transmitted over an AWGN channel using a

BPSK modulation scheme. The received vector is then demodulated at the output

of the channel and is used to create the LLR vector. The constructed LLR vector

is fed into both decoder 1 and decoder 2. The error correction performance is

analyzed and compared at the output through the calculation of the Bit Error

Rate (BER).

3.5 Simulation Setup

The error correction performance of the simulations in this research are measured

in terms of Bit Error Rate(BER) and are tested across a range of different signal-to-

noise (SNR) ratios. The simulation model involves generating 10000 RS codewords

of length 15 symbols on a bit-level. These codewords are transmitted through

an AWGN channel and are modulated with a BPSK modulation scheme [68].

The received signal is decoded at the output of the channel using hard decision

detection based on the maximum likelihood. The simulation aims to compare the

outcome with the BPSK bit error probability [68]. The BPSK bit error probability

equation is expressed as follows

Bit Error Probability =
1

2
erfc

(√
Eb

N0

)
. (3.9)

The BER vs SNR graph obtained from the simulation aligns with the bit error

probability. Based on the simulation setup mentioned above the results are shown

in Fig. 3.5.

The results confirm that the simulation setup developed for the research is reliable

and suitable for running simulations for this research work.
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Figure 3.5: Uncoded Simulation

3.6 Software And Libraries

This research work utilizes the Python library [73] throughout the dissertation

because of the versatility of the libraries such as Pandas, TensorFlow [74], Numpy

and Galois library [70] . The Galois library plays a crucial role in generating ran-

dom codewords in the Galois field, the encoding process and parity check matrices

used in this research. For the development and implementation of the different

deep learning models, the TensorFlow library and Sionna library [71] is utilized.

3.7 Summary

In this chapter, the proposed NBP model and GNNBP model are presented.

Specifically, the model structure and model architecture for the NBP model is
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discussed in the chapter. The main contribution is detailing the model training,

model evaluation for NBP implementation.



CHAPTER 4

Techniques To Improve Iterative Soft Decision

Decoding Of Reed Solomon Codes

4.1 Introduction

This chapter focuses on implementing improvements to iterative soft decision de-

coding of RS codes. The primary contribution of the chapter is in adding sparsity

to parity check matrix, thereby improving exchange of soft information and con-

sequently leading to good error correction performance. This approach is tested

with both the Neural Belief Propagation (NBP) algorithm and Belief Propagation

(BP) algorithm for high-rate Reed Solomon (RS) codes.

4.2 Proposed Sparsity Implementation On The Reed Solomon

Parity Check Matrix

This section will delve into the proposed method for adding sparsity to the RS

parity check matrix. After that, the results of the proposed implementation on the

NBP and BP algorithms are presented. Thereafter, the simulation results for the

comparative study between the normal RS parity check matrix and the proposed

sparse parity check matrix are presented.

The following abbreviations will be used in this chapter:

• SPCM - Sparse parity check matrix.

• NPCM - Normal parity check matrix.
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• NBP - Neural belief Propagation.

4.2.1 Problems With Iterative Decoding On High Density

Parity Check (HDPC) Codes

The sparse nature of the LDPC codes has shown to improve error correction per-

formance with the BP algorithm. Hence sparsity is essential for improved decoding

performance. However High Density Parity Check (HDPC) codes struggle due to

the dense parity check matrix. This is because the HDPC codes which can be rep-

resented as a Tanner graph as illustrated in Section 2.5.1. HDPC codes suffer from

an occurrence of small cycles in the Tanner graph. These cycles led to messages

getting stuck in pseudo equilibrium points which degrade decoding performance.

Different approaches have been explored to tackle the challenge of HDPC matrices,

these approaches include the following works [21, 23, 75, 76]. A few of these

techniques used to enable this implementation include Binary Image Expansion

(BIE) for RS codes. In this section, we propose a method to add sparsity to the

parity check matrix in order to improve error correction performance of different

iterative soft decision decoders.

4.2.2 Proposed Sparse Parity Check Matrix Implementa-

tion

The proposed technique to add sparsity to the parity check matrix takes advantage

of the cyclical properties of RS codes discussed in Section 2.4.2. The approach

involves the addition of low weight parity check equations to the H matrix that

match the minimum distance of RS codes. Thereafter, cyclically shifting the rows

of the H matrix one place to the right n times. Similar to the approach in Section

2.4.2.

Given a (15,7) RS code, the corresponding coefficients of the h(x) are presented

based on the parity check polynomial equation presented in Section 2.3
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h(x) = x7 + 9x6 + 9x5 + 12x8 + 8x3 + 6x2 + 9x+ 10. (4.1)

The coefficients derived from the h(x) are presented as

hcoefficient = [1, 9, 9, 12, 8, 6, 9, 10]. (4.2)

.

The coefficients are cyclically shifted as follows based on (2.22) in Section 2.3.2 to

give

H =



10 9 6 8 12 9 9 1 0 0 0 0 0 0 0

0 10 9 6 8 12 9 9 1 0 0 0 0 0 0

0 0 10 9 6 8 12 9 9 1 0 0 0 0 0

0 0 0 10 9 6 8 12 9 9 1 0 0 0 0

0 0 0 0 10 9 6 8 12 9 9 1 0 0 0

0 0 0 0 0 10 9 6 8 12 9 9 1 0 0

0 0 0 0 0 0 10 9 6 8 12 9 9 1 0

0 0 0 0 0 0 0 10 9 6 8 12 9 9 1



(4.3)

The proposed sparse implementation further cyclically shifts the rows of the H

matrix one place to the right n times to give

H =



hk h(k−1) h(k−2) . . . h0 0 0 . . . 0

0 hk h(k−1) h(k−2) . . . h0 0 . . . 0

0 0 hk h(k−1) h(k−2) . . . h0 . . . 0
...

...
...

0 0 . . . 0 hk h(k−1) h(k−2) . . . h0

...
...

...

hk h(k−1) . . . h0 0 0 . . . 0 hk


. (4.4)

Based on (4.4) the sparse parity check matrix is given as
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H =



10 9 6 8 12 9 9 1 0 0 0 0 0 0 0

0 10 9 6 8 12 9 9 1 0 0 0 0 0 0

0 0 10 9 6 8 12 9 9 1 0 0 0 0 0

0 0 0 10 9 6 8 12 9 9 1 0 0 0 0

0 0 0 0 10 9 6 8 12 9 9 1 0 0 0

0 0 0 0 0 10 9 6 8 12 9 9 1 0 0

0 0 0 0 0 0 10 9 6 8 12 9 9 1 0

0 0 0 0 0 0 0 10 9 6 8 12 9 9 1

1 0 0 0 0 0 0 0 10 9 6 8 12 9 9

9 1 0 0 0 0 0 0 0 10 9 6 8 12 9

9 9 1 0 0 0 0 0 0 0 10 9 6 8 12

12 9 9 1 0 0 0 0 0 0 0 10 9 6 8

8 12 9 9 1 0 0 0 0 0 0 0 10 9 6

6 8 12 9 9 1 0 0 0 0 0 0 0 10 9

9 6 8 12 9 9 1 0 0 0 0 0 0 0 10



(4.5)

The next step in the proposed implementation is to transform the H matrix into

a bit-level representation using BIE. The application of BIE to the parity check

matrix further increases the sparsity of the H matrix.

This proposed implementation is compared with a parity check matrix represented

in the Vandermonde matrix form as shown in (2.25) under Section 2.4. 2. In this

work, the matrix is referred to as the Normal Parity Check Matrix (NPCM). This is

chosen based work done in [21, 23]. Similar to the proposed sparse implementation,

the matrix undergoes BIE to increase the sparsity as the matrix is relatively dense.



Chapter 4. Techniques To Improve Iterative Soft Decision Decoding Of Reed
Solomon Codes 51

4.3 Performance Of The Belief Propagation Based On Spar-

sity Implementation

4.3.1 Bit Error Rate Performance Analysis

The simulation results presented in this section investigate the sparse implemen-

tation with the BP algorithm for high-rate RS codes. RS codes are transmitted

through an AWGN channel using a BPSK modulation scheme. The received vec-

tor is demodulated and fed into the BP algorithm. Then the results are compared

to evaluate how adding sparsity affects the decoding performance.

4.3.1.1 SPCM Implemented With BP Algorithm vs NPCM Imple-

mented With BP Algorithm For A (15,11) RS Code

The results of the simulations comparing the error correction performance of the

BP algorithm with the proposed sparse parity check matrix are presented in this

section. The BP decoder is executed by using a batch of encoded codewords for a

(15,11) RS code.

From Fig. 4.1, it can be seen that the SPCM implemented with the BP decoder

is able to yield a performance gain compared to the NPCM implementation. At

a BER value of 10−4 the SPCM yields a gain of about 0.61 dB. The outcome of

the simulation supports the hypothesis in Section 4.2.1 that, adding sparsity to

the RS parity check matrix results in improved exchange of soft information which

leads to improved error correction performance.

4.3.1.2 SPCM Implemented With BP Algorithm Vs NPCM Imple-

mented With BP Algorithm For A (31,27) RS Code

The proposed technique is tested with the (31,27) RS code to investigate the error

correction performance for a higher code rates. Fig. 4.2 shows the error correction
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Figure 4.1: Performance Comparison Of The SPCM Implemented With BP
Vs The NPCM Implemented With BP For A (15,11) RS Encoded Codewords

performance of the (31,27) RS when the proposed technique is applied for encoded

codewords. Fig. 4.2 shows the (31,27) RS code BP results with random codewords.

From Fig. 4.2, it can be observed that there is a slight gain when the sparse parity

check matrix implemented for the BP algorithm. Similar to the simulation for

the (15,11) RS, a batch size of random RS codewords are transmitted through the

channel and the received vector is decoded by the BP decoder. At BER 10−4, the

SPCM implemented with the BP algorithm achieves a gain of 0.19 dB over the

NPCM implemented with the BP algorithm. Working with longer high-rate codes,

the density of the parity check matrix often increases due to the higher minimum

weight value. A higher density matrix limits the ability to efficiently exchange soft

information during iterative decoding.
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Figure 4.2: Performance Comparison Of The SPCM Implemented With BP
Vs The NPCM Implemented With BP For (31,27) RS Encoded Codewords

4.4 Performance Of The Neural Belief Propagation Based

On Sparsity Implementation

This section presents the performance analysis of the NBP algorithm for RS codes.

In this implementation, the NBP algorithm is adapted to work with RS codes by

incorporating a scalar damping factor and trainable weights based on the edge con-

nections in the parity check matrix, similar to [18]. The proposed implementation

employs a scalar damping factor of α = 0.5 to improve error correction perfor-

mance without increasing the computational complexity similar to [18]. During

the training process, the weights are adjusted to improve error correction perfor-

mance compared to the BP decoder. The NBP decoder is trained using the process

defined in Section 3.2.2.1, which is summarized in Fig. 4.3.
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Figure 4.3: NBP Decoder Training Process

4.4.1 Bit Error Rate Performance Analysis

In this section, experiments are tested on the proposed NBP algorithm to in-

vestigate how the structure of the parity check matrix affects error correction

performance of the model. The results are measured in terms of the BER of the

NBP algorithm. The results presented are based on the all-zero codeword method

discussed in Section 3.2.1 for a similar to the work done in [18].

4.4.1.1 NBP Algorithm Vs BP Algorithm For A (15,11) RS Code

The simulation results presented in this section investigate the sparse implementa-

tion with the NBP algorithm for high-rate RS codes. Therefore, simulation sets for

running with the SPCM implementation and without the SPCM implementation

are discussed. The initial results compare the performance of NBP algorithm and
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BP algorithm. These tests are conducted on high-rate (15,11) RS codes. Fig. 4.4

illustrates the performance of the NBP algorithm.

Figure 4.4: Performance Comparison Of The NBP Vs BP For A (15,11) RS
Code

As shown in Fig. 4.4, the NBP algorithm yields a gain in terms of error correction

performance when compared to the BP algorithm for a (15,11) RS code. At a BER

of 10−3 the NBP exhibits a gain of 0.13 dB over the BP algorithm. This is due

to the implementation of weights that adjust during training resulting in improve

error correction performance. The performance gain is seen at higher SNR values

compared to lower SNR values.

In order to further improve on the error correction performance the proposed

SPCM approach is implemented with the NBP algorithm. The results are shown

in Fig. 4.5.

As seen in Fig. 4.5, the proposed SPCM approach led to an improvement in the

error correction performance of the NBP algorithm when compared to the BP

algorithm. At a BER of 10−3 NBP algorithm when the proposed SPCM is utilized

yields a gain of 0.38 dB. The error correction performance gains for the NBP are
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Figure 4.5: Performance Comparison Of The SPCM Implemented With NBP
Algorithm Vs SPCM Implemented With BP Algorithm For A (15,11) RS Code

more apparent with the SPCM due to the improved exchange of soft information

during the iterative decoding process enabled by the sparsity in the matrix.

An additional simulation is carried out to test the performance of the SPCM

implemented with the NBP and the NPCM implemented with NBP in order to

highlight the error correction gains of using the SPCM implementation. The

results for running this simulation with a (15,11) RS code are shown in Fig. 4.6.

From Fig. 4.6 it can be seen that the error performance of the SPCM implemented

with the NBP outperforms the NPCM implemented with NBP. At a BER of 10−3

the SPCM yields a gain of 0.46 dB over the NPCM implemented with the NBP.

This further confirms the hypothesis presented in Section 4.2.1 that utilizing a

SPCM leads to improved iterative decoding performance for RS codes with the

NBP algorithm.
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Figure 4.6: Performance Comparison Of The SPCM Implemented With NBP
Algorithm Vs NPCM Implemented With NBP Algorithm For A (15,11) RS

Code

4.4.1.2 NBP Algorithm Vs BP Algorithm For A (31,27) RS Code

The simulation results presented in this section investigate the sparse implementa-

tion with the NBP algorithm for high-rate RS codes. Therefore, simulation sets for

running with the SPCM implementation and without the SPCM implementation

are discussed. The initial results compare the performance of NBP algorithm and

BP algorithm. These tests are conducted on high-rate (31,27) RS codes. Fig. 4.7

illustrates the performance of the NBP algorithm.

As shown in Fig. 4.7, the NBP algorithm performs well compared to the BP

algorithm for a (31,27) RS code. At a BER of 10−3 the NBP has a slight gain

of 0.05 dB over the BP algorithm. This is due the relatively dense structure of

the high-rate (31,27) RS codes. Therefore limits the decoders ability to efficiently

exchange soft information during the decoding process.
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Figure 4.7: Performance Comparison Of The Neural BP Vs BP For A (31,27)
RS Code

In order to further improve on error correction performance, the proposed SPCM is

applied to the NBP algorithm. The results for this approach are shown in Fig. 4.8.

As seen in Fig. 4.8, the proposed SPCM led to an improved error correction per-

formance of the the NBP algorithm when compared to the BP algorithm. At a

BER of 10−3 SPCM implemented with NBP achieves a gain of 0.10 dB over the

SPCM implemented with BP algorithm. The performance is attributed to the use

of the SPCM which improves exchange of soft information. This leads to a gain

in error correction performance for the (31,27) RS code when working with the

SPCM.

An additional simulation is carried out to test the performance of the SPCM

implemented with the NBP and the NPCM implemented with NBP in order to

highlight the error correction gains of using the SPCM implementation. The

results for running this simulation with a (31,27) RS code are shown in Fig. 4.9.

From Fig. 4.9, it can be seen that the error correction performance of the SPCM

implemented with the NBP outperforms the NPCM implemented with NBP. At a
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Figure 4.8: Performance Comparison Of The SPCM Implemented With NBP
Algorithm Vs SPCM Implemented With BP Algorithm For A (31,27) RS Code

Figure 4.9: Performance Comparison Of The SPCM Implemented With NBP
Algorithm Vs NPCM Implemented With NBP Algorithm For A (31,27) RS

Code
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BER of 10−3 the SPCM yields a gain of 0.16 dB over the NPCM implemented with

the NBP. These results validate that adding sparsity to the parity check matrix

improve exchange of information which leads to error correction gains.

4.5 Conclusion

The simulation results, which evaluate the performance of iterative soft decision

decoders using the proposed parity check matrix are outlined. This methodology

is implemented within both the BP and NBP algorithms adapted for high-rate RS

codes. The results indicate a improvement in error correction performance. This

improvement is attributed to the efficient exchange of soft information during the

iterative decoding process facilitated by the incorporation of additional sparsity

into the parity check matrix.



CHAPTER 5

Chapter 5 Graph Neural Network Based Belief

Propagation Algorithm For Reed Solomon Codes

5.1 Introduction

This chapter proposes a suitable Graph Neural Network (GNN) based on the Belief

Propagation (BP) algorithm for Reed Solomon (RS) codes. A detailed description

of the algorithm’s implementation on RS codes is presented. Finally, the perfor-

mance of the GNN model for RS codes is presented. The chapter analyses the

results of the proposed model compared to other iterative soft decision decoders.

5.2 Adaption Of The GNN Algorithm To RS Codes

This section discusses the adaptation of the GNNBP algorithm for RS codes, with

a focus on the implementation process. The codeword generation is addressed in

Section 3.2.3.1.

5.2.1 GNN Model Design

The GNN model design is chosen based on the work done in [33, 34]. However,

the model proposed in this research is adapted to work with RS codes. From

Chapter 2, it is known that the GNNBP model is represented by the Tanner

graph. Therefore, based on the functions explained in Section 2.5.4 the model

design is shown in Fig. 5.1.
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Figure 5.1: Architecture of GNN Decoder

Stage 1: Initialization - For an input graph shown in Fig. 5.1, the GNN generates

a vector hi that stores hidden states and initializes the feature states of the graph.

The hidden states hi store the variable and check node states as well as the feature

states. The initial state for the check node is given as hu = 0 and for the variable

node is given as hvi = (1 − α) × (Lch,i × w) where w is defined as the input

embedding and α is the damping factor used for improve decoding performance.

This embedding is utilized during training and transforms the LLR (Lch,i) vector

from the channel into a denser representation(network) suitable for processing by

the GNN. The input dimensions correspond to node values and the batch size.

Stage 2: Message Passing Phase - The messages passing phases interprets mes-

sages sent from the variable to check nodes and vice versa. These messages are

summed up and the computed node embedding is updated. Multi-Layer Percep-

trons (MLP) play a crucial role in this phase as they gather and process node/edge

features. This allows them to capture information about the relationships between

these elements, ultimately improving the model’s performance. The message pass-

ing phase is made up of three sections
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• Message Function - Message function takes account of the messages from the

check nodes and variable node respectively.These are defined as {mvi→uj ,muj→vi} ∈
RFm . Therefore processing the related message in the neighborhood.

• Update Function - There are two types of updates namely the node update

and the edge update. The updates function combines the current node states

using the aggregate function based on the information the neighborhood.

The message passing phase occurs for T iteration.

• Aggregate Function - The messages computed by the message function from

the variable and check node updates. Thereafter, the aggregate function

sums the compiled messages.

Stage 3: Output Layer - The output layer computes the final estimate of the

predicted codeword.

5.2.2 Model Training Phase

The chosen model training for the proposed GNNBP algorithm is based on the

work done in [33, 34]. The training of the model training process is essential and

in turn directly affects the overall model performance.

The chosen loss function Binary Cross Entropy (BCE) measures the binary-cross

entropy between the true and predicted codewords. The chosen loss function is

motivated by [33, 34]. The work shows that the BCE loss function is suitable for

this work and leads to better performance.

Previous work [33, 34, 65, 66] in developing the GNN model for channel decoding

of linear block codes conducted multiple experiments in order to compile suitable

hyperparameters for the GNN model [72]. Taking this into account, we selected

the most suitable hyperparameters that would work well with the GNN model

specifically for RS codes based on the work done on BCH codes. This is because

RS codes are a sub-class the BCH codes [33], the chosen hyperparameters are

shown in Table 3.3.
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Table 5.1: GNN Model Hyperparameters.

Parameter Batch 1 Batch 2 Batch 3

Activation tanh
Number of iteration 8

Feature vector(nodes) - Fn 20
Feature vector(messages) - Fm 20
Number of hidden units MLP 40

Number of MLP units 2
Aggregation Function 8

LLR clipping 20
Batch Size 256

Learning rate 10−3 10−4 10−5

Train iteration 35000 500000 500000

The GNN is trained mostly with the ADAM optimization method. Therefore the

training phase is computed based on the hyperparameters shown in the Table 3.3.

The following steps denote the the specific message passing stages for the GNN

based Tanner graph as shown in the GNN model in Fig. 5.1. Based on the work

done in [33, 34].

Step 1: The updated message value from the variable node vi to check node uj

is computed as

mvi→uj = fFm([hvi ||huj ||gmvi→uj
], θmv→u), (5.1)

where θmv→u denotes the parameter to be trained for the node update. Fully

connected Multi-layer perceptrons (MLP) are utilized to expand the dimensions.

The significance of using MLPs is that information from the neighboring nodes

can be processed for model accuracy.

Step 2 : The updated message value from the check node uj to the variable node

vi are expressed as follows

muj→vi = fFm([huj ||hvi ||gmuj→vi
], θmu→v), (5.2)

where θmu→v denotes the another group of shared parameters to be trained.
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Step 3 : For the variable node vi the updated node value is computed as

h́vi = fFn([hvi ||
⊕

uj∈U(vi)

muj→vi
||gvi ], θv), (5.3)

where θv is a trainable parameter to be shared for the variable node update function

and
⊕

is defined as the message aggregation function. A mean operator for
⊕

is

utilized.

Step 4: For the check node uj the updated node values is computed as

h́uj = fFn([huj ||
⊕

uj∈U(uj)

mvi→uj
||guj ], θu), (5.4)

where θu is a trainable parameter to be shared for the check node update function.

Step 5: Hard decision of the estimated bits which is computed in the last layer as

shown in Fig. 5.1

Li = QT hvi , (5.5)

x̂ =

1 if Li > 0

0 otherwise

, (5.6)

where Q represents the output embedding derived from a last layer which is a

dense network and Li is the updated LLRs.

5.2.3 Selection Of The Damping Coefficient

The proposed GNNBP algorithm is adapted for RS codes. The proposed approach

involves using a scalar damping factor of α = 0.8 to scale the trainable parameters

of the GNNBP algorithm.
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5.2.4 Model Validation Phase

This section discusses the model validation process for the proposed GNNBP al-

gorithm. A validation dataset is used to provide an unbiased evaluation of the

model’s performance on the training dataset while tuning its hyperparameters.

The model validation phase utilizes data from the training phase to ensure fine-

tuning of the model.

After every 1000 training iterations, a new batch of 10,000 samples is generated

with random SNR values. The model predicts codewords for this batch, and

the BCE is calculated. To evaluate performance, the log-likelihood ratios are

thresholded to generate hard decisions, which are compared to the true codewords.

The BER, which measures the incorrectly predicted codeword bits. The loss and

BER are logged to monitor the model’s validation performance over time.

5.2.5 Model Testing Phase

This section discusses the model testing, for the GNNBP algorithm. Detailing

how to evaluate model performance using the testing datasets. The performance

of the trained GNNBP model is evaluated based on the following:

• Testing set - The trained model is evaluated by using a batch size of 10000

random codewords.

• Range of SNR values - As mentioned in Section 3.2.4 the SNR affects the

performance of the GNN based BP model. Therefore, a range of different

SNR values are used to trained model in order to evaluate how the model

performs under different noisy conditions. The SNR range used in the vali-

dation stage is from 1dB to 12dB.

Following the simulation, the Bit Error Rate (BER) is measured and plotted

against the range of SNR values. The performance of the GNN based BP model is
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compared to the neural BP decoder in order to evaluate performance of the GNN

based BP decoder.

5.3 Performance Of The GNNBP Algorithm Vs NBP Al-

gorithm

The proposed GNN implementation is tested with the RS codes of length (15,9),

(15,11), (15,13). The reason behind utilizing these codes is to investigate how

the GNN performs with different high-rate RS codes based on GF(16) constraints.

The error correction performance is measured using the Bit Error Rate (BER) and

the number of iterations needed to decode the received vector by the GNN imple-

mentation, in comparison to the NBP algorithm. It is noted that the proposed

Sparse Parity Check Matrix (SPCM) described in Chapter 4 is not applied to the

GNNBP decoder. This is because the larger parity check matrix presents addi-

tional computational complexity due to more nodes in the Tanner graph passing

messages with all their neighboring nodes which is resource intensive.

5.3.1 Bit Error Rate Performance Analysis

5.3.1.1 GNNBP Vs NBP Algorithm For A (15,9) RS Code

The results of the simulation comparing the GNN model and the NBP algorithm

for the (15,9) RS codes can be seen in Fig. 5.2. The result shows an improvement

in error correction performance. This highlights the effectiveness of the proposed

algorithm in improving performance iterative soft decision of RS codes.

From Fig. 5.2 it can be seen that the GNNBP algorithm yields a performance gain

of 0.48 at a BER of 10−6 when compared to the NBP algorithm.The GNN structure

has an advantage over the NBP because the GNN implementation takes account of

all the nodes and edges in the messages passing algorithm. This characteristic of

the GNN implementation leads to an improvement in error correction performance

gain.
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Figure 5.2: Performance Comparison Of GNNBP Algorithm And NBP Algo-
rithm For A 15,9 RS Code

5.3.1.2 GNNBP Vs NBP Algorithm For A (15,11) RS Code

A similar experiment simulation is performed for a (15, 11) RS code. This is

carried out in order to investigate how the GNN BP decoder performs with higher

RS codes. The results for this simulation with regards to BER are presented in

Fig. 5.3.

From Fig. 5.3 it is observed that there is a gain for the GNNBP decoder when

compared to the NBP decoder. At a BER of 10−6 the proposed decoder yields a

gain of 0.54 dB over NBP decoder. The performance of the GNNBP improves with

the (15,11) RS code. This is attributed to the graph structure of the GNN im-

plementation as mentioned previously. Therefore, resulting in performance gains

for the (15,11) RS code. The GNNs implementation captures soft information

about the relationships between variable nodes and check node between all the

neighboring nodes which leads to the improvement of the model’s performance.
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Figure 5.3: Performance Comparison Of GNNBP Algorithm And NBP Algo-
rithm For A 15,11 RS Code

5.3.1.3 GNNBP Vs NBP Algorithm For A (15,13) RS Code

An additional simulation is performed for a (15, 13) RS code. The results can be

seen in Fig. 5.4.

From Fig. 5.4 it is observed that there is a gain for the GNNBP decoder when

compared to the NBP decoder. At a BER of 10−6 the proposed decoder yields

a gain of 0.84 dB over NBP decoder. From this result, we can infer that the

performance of the GNN for RS codes of length 15 improves as the rate of the

code increases.

5.3.2 Average Iteration Count

The performance of the algorithm can be evaluated by measuring the number of

iterations it takes to reach a correct predicted codeword. These simulations were

ran alongside experiments in Fig. 5.2, Fig. 5.3, Fig. 5.4. In Fig. 5.5, the average
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Figure 5.4: Performance Comparison Of GNNBP Algorithm And NBP Algo-
rithm For A 15,13 RS Code

number of iterations for the GNN implementation in comparison with the NBP

implementation is presented. The GNNBP algorithm converges faster to a valid

codeword during iterative decoding when compared to the NBP algorithm. The

convergence of the GNNBP algorithm occurs within 8 iterations for higher SNR

values, whereas the NBP algorithm requires 20 iterations. This reduction in the

number of iterations holds significance, particularly considering that the GNNBP

is more computationally expensive than the NBP for a single iteration. This is

because the GNNBP uses a large number of MLP network aggregation message in

each iteration.

5.4 Conclusion

This chapter presents the performance of the GNNBP algorithm for RS codes. The

key idea is to build a graph that represents the BP algorithm Tanner graph, which

allows for efficient message passing between variable nodes and factor nodes. The

damping factor is implemented to further improve the performance of the proposed
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Figure 5.5: Average Number Of Iteration

implementation. The BER performance of the GNNBP algorithm for 8 iterations

exceeds the BER performance of NBP algorithm for 20 iterations. Therefore,

improving the iterative soft decision decoding of RS codes using deep learning

techniques.



CHAPTER 6

Conclusion And Future Work

6.1 Conclusion

The main objective of this research is to develop a decoding approach that uses

various FEC and deep learning techniques to enhance the decoding performance

of Reed Solomon (RS) codes. The approach is based on iterative soft decision

decoding algorithms for RS codes on the bit-level. The bit-level implementation is

achieved by applying binary image expansion (BIE) to the RS parity check matrix.

In chapter 4, improvements to iterative soft decision decoding of RS codes are pre-

sented. The techniques are used to investigate the objectives presented in Chapter

1. One of the techniques involve increasing sparsity to the parity check matrix

through addition of low weight parity check equations to the H matrix that match

the minimum distance of RS codes. Then cyclically shifting the element n times.

The technique led to a relatively sparse parity check matrix, facilitating improved

exchange of soft information and consequently better error correction performance.

This method is tested across the Belief Propagation (BP) algorithm and the Neu-

ral Belief Propagation (NBP) algorithms for RS code of lengths (15,11), (31,27)

respectively. The simulation results show that the sparse approach helps improve

error correction performance of the iterative soft decision decoders for RS codes.

In Chapter 4, the NBP decoder adapted for RS codes was introduced. Another ob-

jective was explored to improve the error correction performance of this adapted

NBP decoder. This improvement involved the use of a scalar damping factor,

resulting in improved error correction performance when compared to the BP

72
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decoder. The approach is based on the work done in [18]. To ensure a fair com-

parison for RS codes, all-zero codewords are utilized during the decoding process.

As demonstrated in Chapter 4, this approach resulted in a slight improvement in

Bit Error Rate (BER) performance without introducing additional computational

complexity [18].

Chapter 5 introduces a GNN implementation aimed at improving the error cor-

rection performance of iterative soft-in and soft-out decoding of RS codes while

reducing the of iterations. GNNs [28] are a type of neural networks that can handle

graph structured data. The GNNBP model was previously applied to BCH codes

and binary LDPC codes [33, 34]. In this research, we adapt the model to func-

tion with RS codes, which are non-binary codes. This adaptation was achieved

by working on a bit-level, resulting in longer relatively more dense codes when

compared to BCH codes. To counter these challenges, a scalar damping factor is

applied to further improve the error correction performance of the GNN for RS

codes. Integration of the Tanner graph [34] with the GNN model facilitates the de-

velopment of the GNNBP implementation. The network structure is designed for

codewords of length GF(16), as the GNN model is computational complex. The

proposed implementation is compared with the proposed NBP algorithm. The

results show that the GNN implemention yields gains for error correction perfor-

mance. Despite its complex structure, the GNN implementation requires fewer

iterations, reducing the compounded complexity associated with running the BP

operation for each iteration.

6.2 Future Work

The work done in this research focused on the implementation of error correction

and deep learning techniques to improve iterative soft decision decoding of RS

codes. These techniques resulted in an error correction performance gain, however

there are still some improvements that can be implemented.
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For the sparse implementation the approach can be applied on a symbol-level

parity check matrix for RS codes. Since the symbol-level parity check matrix is

dense this approach can improve exchange of soft information at a symbol-level.

This proposed approach can be applied to other iterative soft decision decoding

algorithm. As seen in Chapter 4 the sparse implementation results in better error

correction performance. However, the algorithm does not add complexity.

The GNNBP implementation outperforms the NBP implementation with less num-

ber of iteration. However, the model uses a large number of MLP networks to

aggregate messages in each iteration. This results in a larger computational cost.

Research carried out in [77] proposes a method to reduce the complexity of the

GNNBP implementation for BCH codes. A similar approach can be investigated

for iterative soft decision decoding of RS codes. This would in turn improve on the

error detection and error correction while reducing the computational complexity

for RS codes.
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