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Summary

When we browse via WiFi on our laptop or mobile phone, we receive data over a noisy channel. The
received message may differ from the one that was sent originally. Luckily it is often possible to recon-
struct the original message but it may take a lot of time. That’s because decoding the received message
is a complex problem, NP-hard to be exact. As we continue browsing, new information is sent to us in
a high frequency. So if lags are to be avoided and as memory is finite, there is not much time left for
decoding.

Coding theory tackles this problem by creating models of the channels we use to communicate and tailor
codes based on the channel properties. A well known family of codes are Low-Density Parity-Check
codes (LDPC codes), they are widely used in standards like WiFi and DVB-T2. In practical settings the
complexity of decoding a received message can be heavily reduced by using LDPC codes and approxi-
mative decoding algorithms.

This thesis lays out the basic construction of LDPC codes and a proper decoding using the sum-product
algorithm. On this basis a neural network to improve decoding is introduced. Therefore the sum-product
algorithm is transformed into a neural network decoder. This approach was first presented by Nachmani
et al. and treated in detail by Navneet Agrawal in 2017. To find out how machine learning can improve
the codes, the bit error rates of the trained neural network decoder are compared with the bit error rates
of the classic sum-product algorithm approach. Experiments with static and dynamic training datasets of
diverse sizes, various signal-to-noise ratios, a feed forward as well as a recurrent architecture show how
to tune the neural network decoder even further. Results of the experiments are used to verify statements
made in Agrawal’s work. In addition, corrections and improvements in the area of metrics are presented.
An implementation of the neural network to facilitate access for others will be made available to the
public.
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Abbreviations
AWGN  Additive White Gaussian Noise
BEC Binary Erasure Channel
BER Bit Error Rate
BLER Block Error Rate
BPSK Binary Phase-Shift Keying
BS Batch Size
BSC Binary Symmetric Channel
CEL Cross Entropy Loss Function
CW/E Codewords per Epoch
E Epochs
F Fixed
FNN Feed Forward Neural Network
LDPC Low Density Parity Check
LLR Log-Likelihood Ratio
NND Neural Network Decoder
NVS Normalized Validation Score
OTF On The Fly
PDF Probability Density Function
RNN Recurrent Neural Network
SNR Signal-To-Noise Ratio
SPA Sum-Product Algorithm, a variant of belief propagation
SPA NN  Sum-Product Algorithm Neural Network
Notations

E;;  short for E., ,;, a message sent from parity check node ¢; to variable node v;
M;; short for E,, .;, a message sent from variable node v; to parity check node c;
&) short for &, denotes the addition using modulus 2

ORI

g  if not stated otherwise log refers to the base 2, log,
a vector-matrix multiplication
an element-wise matrix multiplication



1 Introduction

Errors occur in human communication as well as in communication between computers. Imagine talking
to a friend next to a noisy street. You will not understand each other perfectly because of noise produced
by cars. If just one word was overlain by noise, you can often guess this word or ask your friend to
repeat what she just said. On networks, the most common way to check for errors due to noise is to build
a checksum over all sent bits. This checksum is used for error detection, and if errors have occurred,
a retransmission is initiated.[cf. (GRS19, p. 20] This is like asking your friend to repeat her words.
But there are communication applications where re-transmission is not an option (e.g. TV signals, live
streams, data on a Blu-ray). How to cope with this problem? The first thing that might come to ones
mind is to just repeat instead of waiting to be asked to repeat. Adding redundancy to fight errors caused
by noise is called encoding. Decoding on the other hand denotes the process of removing errors using
redundancy. Redundancy has a major disadvantage: it leads to longer messages to be sent. Therefore the
goal is to correct as many errors as possible using as little redundancy as possible.

The focus of this thesis is on LDPC-Codes, forward error correction codes that are used to control
errors in data transmission over unreliable or noisy communication channels. Codes like the Huffman
code (used for lossless data compression) or line codes like the Manchester code are not discussed.
Hereinafter, the combination of LDPC codes and machine learning to further improve the performance
of already existing codes and their decoding algorithm is explored. The thesis starts with a brief overview
of coding theory. Basic examples for codes, different channel models to simulate error patterns, and
performance metrics are introduced.

Next, LDPC codes and two of their message passing decoding algorithms are presented. The Bit-Flipping
algorithm is described to get a general idea of how message passing based decoding works. Afterwards,
the Sum-Product algorithm is explained, building on the knowledge of the Bit-Flipping algorithm. In the
next step it is shown how the Sum-Product algorithm can be converted into a neural network. Corrections
and improvements are provided in the layers, metrics and experiment sectionsﬂ The implementation of
the neural network is tested in several experiments in the last chapter. In the conclusion results of the
experiments are used to verify statements made about the neural network decoder.

2 Coding Theory

Claude Shannon laid the foundation for methods of designing communication systems such that errors
which occur in transmission can be reduced to arbitrarily small probability - the methods of designing
them are known as coding theory.[cf. [Yat09, p.3] Coding theory is the study of the properties of codes
and their respective fitness for specific applications. Therefore coding theory is concerned with finding
effective solutions to the question: “How much redundancy is needed to correct a given amount of
errors?”[cf.\IGRS19, p. 21] Yehuda Lindell rephrases this as one of two coding theory goals:

1. Construct codes that correct a maximal number of errors while using minimal redundancy

2. Construct codes (as above) with efficient encoding and decoding procedures. [Linl0, p. 1]
Intuitively using a code with higher redundancy should tolerate more errors, so maximizing error correc-
tion while minimizing redundancy equals following two contradictory goals. The checksum approach,
that is used when retransmission is an option, can be formalised as parity code. The last bit of such a
codeword is equal to the sum of all bits in the message.

ISee Isubsection 4.3], Isubsection 6.1], and Isubsection 6.71




Definition 2.1: Parity Code Cg,

Given a binary message m of length k where m = (my,my,...,my) € {0,1}%, its corresponding
codeword w is calculated as follows:

w=Cg(m)= (my,ma,...,m,m &my® ... S my)
where @ denotes the addition using modulus 2.

The parity code Cg, uses the minimum amount of non-zero redundancy.[cf.|GRS19, p. 22] When a simple
repetition code is used every bit of the message will be repeated a fixed number of times.

Definition 2.2: Repetition Code C; .,

Every bit of the message m of length k where m = (my,mo, ...,my) € {0,1}* is repeated ¢ times to
create the codeword w:

w= Ct,rep(m) = (ml,l7m1,27"'7m]7l7m27]7m2,27 "'7m2.,l7"‘Jmk,17mk,27”'7mk,t)'

It is necessary to measure the trade-off between redundancy and the number of errors a code can correct.
Redundancy is described by the rate R, the ratio of the length of the message k and the length of the
codeword n.

Definition 2.3: Rate R of a Code C E|

The rate R of a code C with dimension k (length of the message) and block length n (length of
codeword with redundancy) is calculated using k and n where k < n and R < 1 as follows:

R=—.
n
A high rate R indicates a low redundancy as message and codeword have nearly the same length. Parity
codes Cg have a high rate as only one parity bit is added, n = k+ 1. Repetition codes C; ., have a more
balanced rate as n = k - t. Hence repetition codes should be able to correct more errors than parity codes.
A closer look at error correction shows that this is the case.

Definition 2.4: Error Correctionﬂ

Let C be a code and let g € NU{0}. C is said to be g-error-correcting if there exists a decoding
function D such that for every codeword w € C and error pattern e with at most g errors the codeword
can be restored: D(w+e¢) = w.

A short example should give an intuition for error correction for a simple repetition code and a parity
code.

2¢f. [GRSIY p. 22]
3¢f. [GRSIY p. 23]



Example 2.1: Error Correction with Repetition and Parity Codes

Let C3 ., be a binary code with a message length k = 4, a codeword length n = 12 and a therefore
arate R = % Using C3 ), every bit of the message m is repeated three times to generate the
codeword w. To decode w, it is divided into blocks of 3 bit size. For every block the majority bit
is the message bit. If we look at a block like 101, the majority bit would be 1. As we claimed that
the error correction has to work for any error pattern only restrained by the number of errors, C3 ),
can only correct one error. That’s because if two or more errors would occur in the same block the
majority bit would have the erroneous value.

Let Cg be a binary code with message length k = 4, codeword length n = 5 and rate R = %. It’s
impossible for Cg, to correct any errors because the position of the erroneous bit in the codeword is
not determinable. Also only an odd number of incorrect bits can be detected because summing up

c1Pcr P3P ey D esresults in 1 instead of 0.

If a code can correct g errors, it can of course also detect these errors. This does not work the other
way round, making error detection weaker than error correction. If there is the possibility to ask for a
retransmission, detecting errors is sufficient. The further focus of this work is on error correction.

The reason to limit the ability to correct errors in the example is based on the argument, that the error
positions are located arbitrarily, bound only on the total number of errors. It is possible to model the
occurrence of errors, called noise, differently. Those models are known as channels.

2.1 Channels

Noise, periods of silence and other forms of signal corruption often degrade the quality of the signal.
Richard Hamming studied a model assuming that any error pattern can occur during transmission as
long as the total number of errors is bounded.[cf. [GRS19, p. 25] By allowing every error pattern, the
location of the error is arbitrary and the nature of error in binary codes will be a bit flip making the atomic
unit of error a symbol from the used alphabet.[cf.|GRS19, p. 25] One could also think about a channel
where no more than one error can happen in any contiguous block of three bits. That kind of noise
would be untroublesome to correct by the C3 ., code from With this example in mind, it
is particularly clear how the error-correcting capabilities of the code and the decoding function crucially
depend on the noise model. Since the channel is of such importance, it is hardly surprising that codes
are tailored to specific channels. Modelling the noise correctly is essential for real life applications.[cf.
GRS19| p. 25] The following channel models are commonly used.

2.1.1 Binary Symmetric Channel (BSC)

The binary symmetric channel models the noise as a stochastic process. Claude Shannon first studied the
binary symmetric channel with crossover probability 0 < p < 1.[cf.|GRS19, p. 25]

Definition 2.5: Binary Symmetric Channel (BSC)

The BSC has binary input (0, 1) and binary output (0,1). With a crossover probability p, where
0 < p <1, the input bit is flipped.

This model proposed by Shannon is quite the opposite from the model proposed by Hamming: Ham-
ming’s model assumes no knowledge about the channel (except that a bound on the total number of



errors is known) while Shannon’s model assumes complete knowledge about how noise is produced.[cf.
GRS19, p. 25] In real life, the situation is often somewhere in between those two extremes.

2.1.2 Additive White Gaussian Noise (AWGN)

Additive white Gaussian noise, also known as the Gaussian channel, is used to model noise continuous
instead of the discrete way of the BSC and BEC. It is the most popular model of real-input and real-
output.

Definition 2.6: Additive White Gaussian Noise (AWGNﬂ

The AWGN channel has a real input X and a real output Y. The output Y is calculated by adding
Gaussian distributed, independent noise Z ~ .4 (0, 62):

Y=X+Z.
Before using the AWGN channel, bits are usually transformed. A simple method for the transformation

is binary phase-shift keying (BPSK).
Definition 2.7: Binary Phase-Shift Keying (BPSK)

Binary phase-shift keying maps a bit to another value as follows.

: 1, if bit =0
BPSK(bit) = { 1, ifbit = 1.
To get the value of a bit mapped with BPSK back, a hard decision is made. In chapter [3.3.2] within the
decoding algorithm, the hard decision is also used to determine a bit value.

Definition 2.8: Hard Decision

A hard decision HD is made to recover a bit from a non-binary value as follows:

0, ifvalue >0

HD(value) = { 1, ifvalue <O.

2.2 Performance metrics: Bit-Error Rate (BER), Block Error Rate (BLER) and Signal-
to-Noise Ratio (SNR)

To measure the performance of a code on a specific channel, the bit-error rate (BER) as well as the
signal-to-noise ratio (SNR) are widely used as metrics. While the SNR judges the quality of a channel
the BER is used to measure the decoding quality.

2.2.1 Signal-to-noise ratio (SNR)

The signal-to-noise ratio expresses the ratio of the desired signal to the level of background noise. SNR
therefore describes the degree by which signals are distorted over the channel.

4[cf.[Mac03| p. 177]



Definition 2.9: Signal-to-noise ratio (SNR)

Let Pyignal> Proise € R be average powers of the signal and the noise measured at same or equivalent
points in a system and within the same bandwidth, then
SNR — Psignal ]

R noise

As Pyigpal is often way bigger than Poise SNR is often shown on a logarithmic scale using dB:

SNRﬁ;—lojogo(f@m”)dB.

noise

The higher the SNR, the stronger the signal compared to the noise is, e.g. a 3 dB gain in SNRyp is
equal to SNR = 2 meaning the signal being two times stronger than the noise, while a 3dB loss would be
equal to SNR = % Dealing with a low SNR is equal to the noise having a high power which raises the
probability of errors in the received message. In this thesis and its experiments SNRyp is used.

Example 2.2: Calculate SNR for BPSK over AWGN

In this example the SNR for a particular modulation scheme, the binary phase-shifting keying
(BPSK) is calculated. The signal power is the mean of square of symbols, assuming that each
symbol is equally likely. Using BPSK the bits are mapped to 1 (for a 0 bit) and to -1 (for a 1 bit)

—1)2+(+1)?
Psignalz( ) 2( ) =1

The noise power for BPSK is defined as the variance of the noise Gfoise. Using the AWGN channel
the variance of the noise can be chosen freely to generate Gaussian noise of any variance. Whatever
variance is used in the AWGN channel will also be used to calculate the SNR. Putting those two

values into the formula leads to
F, signal 1

. a2
Proise Oroise

SNR =

2.2.2 Bit-Error Rate (BER)

The bit-error rate describes the probability of a bit being decoded incorrectly. It therefore measures the
strength of the used error correction code.

Definition 2.10: Bit-Error Rate (BER)

Let w; be a bit of the codeword w sent and let w; be the decoded bit. BER is the probability of w;
not matching the sent w;.
BER = P(W,’ 75 MA/l)

The BER is approximated using a Monte-Carlos simulation where B is a large number of transmit-



ted bits and b, is the fraction of incorrectly decoded bits.

BER ~ be
B

SNR and BER are linked: as SNR increases, BER is going to fall. When measuring the performance of
a code, questions like "How is BER related to SNR” and "How does the BER vary with respect to the
SNR?” are often raised. Using error correcting codes enables the same BER at a lower SNR.

2.2.3 Block Error Rate (BLER)

The block error rate (BLER) counts the fraction of blocks that are wrongly decoded while the block size
can be chosen arbitrarily depending on the area of application. In the scenario of decoding codewords it
seems reasonable to set the size of one block to be equal to the length of one codeword. In this case the
BLER measures the ratio of wrongly decoded messages.

Definition 2.11: Block Error Rate (BLER)

Let one block correspond to one decoded codeword w of length n. Let there be B € N blocks.
BLER is the fraction of blocks that are wrongly decoded:

B
Z HWh#Wb
BLER(B) = 2= -

where I3, +,, is an indicator variable evaluating to one if a decoded codeword W is not equal to the
corresponding sent codeword w.



3 Low-Density Parity-Check Codes (LDPC-Codes)

Before discussing LDPC codes in more detail, it is necessary to clarify the central concepts of linear
codes and their creation such as generator matrix and parity check matrix.

3.1 Linear Codes Basics

In chapter 2] the idea of adding bits to the message to enable error correction was introduced. Instead of

repeating one bit several times like the repetition code C; ., (see [Definition 2.2) LDPC-codes use parity
bits p;. They are calculated by summing certain message bits.

Definition 3.1: Parity Bit

A parity bit p; is the sum message bits m = (my,ms,...,m;) € {0,1}* selected by the used code C.
Let [; C {1,...,k} be a set of indices of message bits that are used to calculate p;:

pi= ij'.

JEL;

Adding parity bits does not encrypt the message, because the message can be read directly from the
codeword, if the indices of the message bits are known. To control the received code word, the parity
bit is recalculated by adding the same message bits again. If this parity bit does not correspond to the
received parity bit, at least one of the message bits involved in the sum or the received parity bit has
been changed in the channel. There is always the probability that a codeword has been alienated by the
channel in such a way that the recalculated parity bit matches the received one even though an error
occurred. If the recalculated parity bit does not match the received one, an error is sure, whereas a match
of received and recalculated bit cannot completely exclude an error.

Example 3.1: Parity bit and parity check

Let m = (my,ma,m3) = (1,1, 1) be amessage and let w = (my,ma,ms, ps, ps) = (1,1,1,1,0) be the
corresponding codeword. Let the two parity bits be defined as:

P4 = mq Dy my Dy m3 p5s =my Orym3

Let r = (0,1,1,1,0) be the received codeword. To check for errors one needs to recalculate the
parity bits p, and p&.

Ph=m BrmyBamz =0D 10,1 =0+#py=1
pg:m1@2m3:0@21:175p5:0

The received parity bits are not equal to the recalculated ones indicating a transmission error.
A codeword normally does have more than one parity bit. To calculate all of the parity bits and combine

them with the message bits to create the codeword, a generator matrix G is used. By multiplying the
message with G, parity bits are calculated and added for the whole message, encoding it.



Definition 3.2: Generator matrix GE|

Let G¢ be the k x n generator matrix of a linear [n,k] code C, where n is the length of a codeword
and k is the number of message bits. G is formed out of k codewords g1, ..., g:

81
Ge = 82
8k
The rows of the generator matrix form a basis for C, therefore g1, ..., g € C are k linear independent

basis pairs. The canonical form for a generator matrix is
G = [I,A],

where I is a k x k identity matrix, copying the message bits, and A is a k x (n — k) matrix gen-
erating the parity bits. A generator matrix generates a unique codeword for every message m =
(my,my,...,my) € {0,1}* by multiplying the message with the generator matrix, where ® indicates
a vector-matrix multiplication:

mGe=weC.

Conveniently, there is also a matrix-based solution for checking the received codeword. A parity check
matrix H applies the control not only for one parity bit but for the whole received codeword. To be more
precise H checks if r € C.

Definition 3.3: Parity Check Matrix H H

The canonical form of a parity check matrix H is,
H=[A1, ]

where A recalculates the parity bits and I, 4 is a (n — k) x (n — k) identity matrix, copying the
received parity bits. One row in H therefore adds the received parity bit to the recalculated parity
bit resulting in O if both bits have the same value. Let r be the received codeword and let H be
a parity check matrix for a linear code C. A received codeword has no identifiable errors if
multiplying it with H results in the all zero vector using ® to denote a vector-matrix multiplication:

_>
reC&Her=20.

If H - r results in at least one 1 in the result vector at least one bit was corrupted during transmission As
G and H perform on the same code, it is no surprise that they have a connection to each other and G can
be used to create H and vice versa. only works, if the source matrix is in canonical form,
which can be achieved by using Gaufian Elimination.

3[cf.[Hetl8] definition 5.3.10, p. 89-90]
6 [cf.Hetl8) definition 5.3.20, p.93]

"The all zero vector O as result does not necessarily mean that no error has occurred.



Theorem 3.1: From generator matrix G to parity check matrix A/ and backﬂ

Let H be a standard form parity check matrix and let G be a standard form generator matrix, both
of codes C. One matrix can be transformed into the other using the following relationship:

H=[A 1] < G=[AT].

The parity check matrix H can not only detect errors, it can also be used for decoding. As Berlekamp,
McEliece, and van Tilborg have shown in 1978, decoding a received codeword is a NP-hard problem,
making decoding way more complex than encoding.[BMv78|| Therefore the most sensible approach is to
first create the control matrix H in such a way that it makes decoding efficient, as easy as possible and
then use the connection between control matrix and generator matrix to form G out of H. LDPC-codes
are designed with this idea in mind.

3.2 Generate LDPC Codes

LDPC-Codes and the first efficient (approximative) algorithms to decode them have been introduced in
1962 by Robert Gray Gallager in his PhD thesis at MIT.[vgl. Joh), S.3ﬂ The defining idea for LDPC
codes is to interpret the parity check matrix as the adjacency matrix of a bipartite graph, also known as
Tanner graph and exchange messages along the vertices to decode the received codeword. Therefore the
nodes are split in a set of vertices representing the codeword bits (variable nodes) and a set of vertices
representing the parity check bits (check nodes).

Definition 3.4: Tanner grap

A Tanner graph is a bipartite graph using the parity check matrix H of a linear code as adjacency
matrix. The graph consists of two sets of vertices:

n vertices for the bits of the codeword, variable nodes v, ...v,
g vertices for the parity check equations, check nodes cy, ...cg.

An edge joins a variable node v to a check node c if the bit represented by v is included in the
corresponding parity-check equation.

The check matrices introduces by Gallager were regular, which means that the number of ones in each
row a, and the number of ones in each column a, had to be the same.[cf. Joh, p. 20] However it is not
necessary that a, is equal to a. to form a LDPC code.

Low-Density Parity-Check codes are named after their sparse parity check matrix H. In comparison to
zeros in H the number of ones is stunningly low. The matrix H is called sparse if the number of ones
in a row divided by the length of the codeword * approaches zero.[cf. Mac03, p. 557] MacKay gives
an example of a 10 000 x 20 000 parity check matrix containing only 6 ones per row and 3 ones per
column.[cf. Mac03, p. 563] One of the 20 000 message bits would therefore be part of only 3 parity
check equations. And one of the 10 000 parity check equations determines the value of the parity check

8[cf. okl p. 15]
9LDPC-Codes are sometimes called Gallager Codes, after their inventor Gallager.[cf.[Mac03} p. 557]
101¢f. [Tohl p. 12]



10

bit by summing up exactly 6 message bits. Using a sparse parity check matrix reduces the complexity
of the corresponding Tanner graph by setting the number of edges to a constant level. The relationship
between the control matrix and the corresponding tanner graph can easily be seen from an example.

Example 3.2: Tanner graph from parity-check matrix H

Let H be the parity-check matrix of a linear block code with length of a codeword n =7 and g =3

parity check equations.

1o 1 1 1

H={(1 1100
0 0 0

This will lead to 7 variable nodes and 3 parity check nodes in the Tanner graph. The number of

ones in H is equal to the number of edges in the corresponding graph.

Using a Tanner graph does not only help to visualize the dependencies of message bits and parity check
bits. It is also the basis for applying more complex decoding algorithms, so called message passing
decoding algorithms.

3.3 Decoding LDPC Codes - Message Passing Decoding

LDPC codes are used in combination with message passing decoding algorithms that operate on the
Tanner graph by exchanging information between the variable nodes and the parity check nodes. This
exchange enables the use of knowledge about the codeword contained in the whole graph for encoding.
How exchanging messages works and how the messages to be sent are calculated depends on the used
algorithm. What the algorithms have in common is a low number of maximum iterations T,,x < 20 to
decode fast.[cf. [Mac03, p. 563] The bit-flipping algorithm is introduced to get a feeling for message
passing on Tanner graphs. Next up is the sum-product algorithm (SPA), the, as MacKay states, best
algorithm for decoding LDPC codes.[cf. Mac03, p. 557] SPA will also be the starting point for combining
decoding and neural networks. Unless the Tanner graph is a tree, the result of the bit-flipping algorithm
as well as from SPA offer only an approximative solution.[cf.[Sch18, p. 285 ff.] Circles in the graphs of
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LDPC codes can happen and especially short circles are a problem as they create unwanted dependencies.
Only if the algorithm ends before the shortest circle closes, the graph still behaves like a tree.

3.3.1 Bit-Flipping Algorithm

The bit-flipping algorithm operates with input from the binary symmetric channel (BSC). The position
of flipped bits within the received word r is therefore not known. To recover the codeword w from r,
messages E, about the extrinsic information are sent from check node ¢; to variable node v;. Extrinsic
information denotes the information the graph holds about a bit. A message E.,,; contains the binary
value the j’th bit bit(v;) should have to satisfy the i’th parity check equation represented by check node
¢;. A parity check equation corresponds to the calculation of one line within parity check matrix H.

Definition 3.5: Parity Check Equation check(c;)

Let H be a parity check matrix and let ¢; be the i’th parity check equation represented by the i’th
row in H. A parity check check(c;) can be calculated as follows:

n

check(c;) = Z H;j®r;= Z bit(v;).
J=1 Jj€adj(ci)

Where ad j(c;) returns the indices j of all variable nodes v; adjacent to check node c;.

The parity check equation is considered satisfied, if it’s result is equal to zero. To calculate E, ,, the
values of all variable nodes adjacent to ¢; are summed up except for node v;. So the addressee of the
message is excluded from the calculation. The result of the calculation is exactly the value the parity
equation is lacking to be equal to 0 and hence satisfied. The idea behind the bit-flipping algorithm is that
v; gathers all messages from adjacent check nodes E., ,; and executes a majority vote with the received
messages, e.g. if the majority of the received messages are equal to 1, bit(v;) will be set to 1.

Algorithm 3.1: Bit-Flipping Algorithm E|

Input
¢ Tmax, maximum number of iterations
e r=(ry,...,rm), a codeword received over the BSC
Algorithm
1. Initialize iteration counter ¢y = 0
Initialize Tanner graph: Vj € {1,...,n} : bit(v;) =r;
2. Evaluate parity check equations for all parity check nodes where bit(c;) = check(c;). If ...
(a) Vie{l,...,g} : bit(c;) = 0: decoding successful,
return: w = (bit(vy),...,bit(vy))
(b) maximum number of iterations is reached ¢y = Tiyax: Stop.
return: error.

(c) Jie{l,...,g}: bit(c;) # 0: continue.
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3. Calculate messages E., , i send them from i’th check node to j’th variable node:

Eev, = Z bit(vy).

n€ad j(ci)\j

4. Perform majority vote for all variable nodes v; and set corresponding bit (v;):

1, if (number of Eyyj(,); = 1) > (number of E,4j(, ) ; = 0)
bit(vj) =40, if (number of E,yj(,;),; = 1) < (number of Eyqj(,),; = 0)
bit(v;), if (number of Euajw)).j = 1) = (number of Euajv),j = 0).

5. Increment counter ¢y = ¢y + 1 and jump to 2.

3.3.2 Sum-Product Algorithm (SPA)

While the bit-flipping algorithm uses bits, the sum-product algorithm uses a probabilistic approach and
real values. It is about the probability of bit(v;) having the value O or 1. [cf. Johl p. 31] Depending on
the channel, the initial probabilities can either be calculated or are already given. It is common to specify
probabilities in a so-called Log-Likelihood ratio (LLR).[cf.Joh| p. 31]

Definition 3.6: Log-Likelihood Ratio (LLR)

Let LLR(bit(v;)|r;) be the log-likelihood ratio describing a relative probability.

LLR(bit(v})|rj) = In @EZ;EZ; j’;g;)

For AWGN channel the LLR can be defined in relation to the variance o of the channel:
. 2r;
LLRAWGN(bll(Vj) |I’j) = 672]

For the BSC model the LLR can be defined in relation to the crossover probability p:

ll’l(p >, r‘j:1
l—p
1—
ln< p), ri=0.
p

LLRgsc (bit(v;)|rj) =

By applying logarithmic laws, the probability of a certain bit value can be derived from the LLR:
o~ LLR(bit(v}))
P(bit(vj) =1) = 15 o LERGHG))
oLLR(bit(v))

P(bit(v;) =0) = 1t LLR(it(v)

ygl.[Tohl S. 27]
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To convert the probability back to a binary value, a hard decision (see is made, reducing
a real value to a binary value by selecting the more probable binary value. The goal of SPA is to
determine the maximum a posteriori probability for every bit under the condition that all parity
check equations are satisfied.

The message passing works similar as in the bit-flipping algorithm, but the calculation of the message
about the extrinsic information Ec. v, is changed and a message to be sent from variable node v; to check
node c¢; about the intrinsic information called 0vj,c,- is added. How does E¢ change? In the bit-flipping
algorithm, e.g. E.,,, = 1 states, that the parity check equation check(w;) would be equal to zero and
therefore satisfied if bit(v;) = Ey; = 1. The message from the example Ec.y, is equal to one if an odd
number of ones have been summed. When calculating E, ,; for SPA it is about determining the LLR of
the probability that bir(w;) causes parity-check check(c;) to be satisfied. This is done by looking at the
number of ones in the parity check as binomial distribution.

Definition 3.7: Probability to satisfy parity-check equatiorﬂ

The probability to satisfy parity-check equation of check node c; if the j’th bit is a one ]P’E?’i), (wj=1)

is equal to the probability of an odd number of ones in a binomial distribution:

X 1 1 in
B wj=D=5-5- [] (01-2P"(w=1)
tcad j(ci)\j

where ad j(c;) returns the indices j of all variable nodes v; adjacent to check node ¢; and
P(in) i the probability v; holds.
The probability to satisfy this parity-check equation if bit j is a zero Pgtef,)] (wj =0) can be expressed

in relation to IP)E?)\‘,)] (wj = 1) using complementary probability.

P00y =0) = 1B 0wy =1) |
= 3+ 3 Theatjy (1 =2- P (w; = 1))

Looking at the probability for even or odd number of ones results in the probability for a parity-check

equation to be satisfied given the sent bit w; was a one and the complementary probability to do so for
w; = 0. Based on this two values the LLR can be applied to express E, ;.

Definition 3.8: Message E., ,; (E;, j)lﬂ

The message E., ,; sends extrinsic information from check node c; to variable node v;:

Pex)

Ci,Vj =0

Ecy;=1In <(ex)’ (v )> .
ECth(Wj =1)

12[cf. [Tohl p. 311, [cf.[Agr17} p. 6]
13[cf. [Tohl p. 32]
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Substitute the extrinsic probabilities with as follows:

Eey,=In ( + 5 Tcaaje; (1= 2P (= 1>)> .
1+p

2
- % : Hteadj(c,-)\j(l —2-Pln) (Wt = 1))
Using the relationship 2 - tanh™!(p) = In (W) one can express E, ,; in an even shorter way:

D —| 09—

Ey, =2-tanh™" ( [T (-2-P®™w, = 1))) .

tead j(ci)\j

Messages sent from the variable nodes to the check nodes are called Oy, ,. To avoid sending redundant
information, the message from the j-th variable node to the i-th check node excludes the message E,
received from c;.

Definition 3.9: Message O, i (O j’j

isVj

The message Oy, ; sends the intrinsic probability of the j-th bit having value one as LLR from
variable node v; to check node c;. Excluded is the summand Ec.y, from the check node ¢; the
message is sent to. This missing summand does not change the fact that it is still a LLR.

. Pl,n ,(Wj = 0)
Oy, =LLR(P" )=In| -2~ ~ | =+ E.,
Vi€ Vi€ P{)I;,C,(wj = 1) / tEade(Vj)\i ot

where ad j(v;) returns the indices i of all check nodes c¢; adjacent to variable node v; and
r; denotes the information received from the channel for the j-th bit of the codeword.

Oy, ¢; can be expressed as:
1
Oy c; = tanh 3 ri+ Z .Ec,,vj .
teadj(vj)\i

Since messages are an essential part of SPA, it was necessary to look at them closely to understand the
algorithm. Now all parts can be put together using input from the BSC. When the BSC is used as channel
model it’s crossover probability p is known and needed for the initialization of the a priori probabilities.
If p is not known an estimate for p can be sufficient.

Algorithm 3.2: Sum-Product Algorithm (SPA) using BSCE'

Input
¢ Tiax, maximum number of iterations

* r=(ry,...,rn), a codeword received over the BSC

14(cf. [Tohl p. 32]
15[cf. Johl p. 32 f.] and [cf.|Agrl7| p. 27]



* p, the (estimated) error probability of the BSC

Algorithm

1.
2.

8.

Determine the a priori probability using LLR for every bit ¥’ = (r{,...,7},).

Initialize iteration counter ¢z = 0

Initialize Tanner graph using a priori probabilities: Vj € {1,...,n} :
bit(v;) = HD(r};) where HD is the hard decision (see Definition 2.8)
priori(v;) =7}

value(v;) = 0 where value(v;) holds the LLR of the current iteration.

. Use bit(v;) to apply the parity check equation where bit(c;) = check(c;). If ...

(a) Vie{1,...,g} : check(c;) = 0: decoding successful,
return: w = (bit(vy),...,bit(v,))
(b) Jie{l,...,g}: check(c;) #0
i. if maximum number of iterations is reached ¢T = Tpx: stop,
return: error and approximation so far w = (bit(vy), ..., bit(vy))
ii. else: contine

. Calculate E, ,, for all nodes and send them (see .

efvalue(w)

1
+3 'HreAdj(i)\j (1 -2 1+efvalue(v;))
1 e—value(vy)
-2 HIGAdj(l)\j (1 - 2 : l+efva1ue(v[))

=

Ecv, =1In

N[—=

. Update value(v;) by adding received messages E., ,,; for every variable node v;.

value(v;) = priori(v;) + Z E¢ v,
icAdj(j)

. Update bit(v;) = HD(value(v;))

. Calculate O, ., for all nodes and send them (see

OVM‘I‘ =rj+ Z ECmVj
teadj(vj)\i

Increment counter ¢y = ¢ + 1 and jump to 3.

3.4 Runtime

15

Message passing decoding algorithms are set to an runtime upper limit by their number of iterations.
In combination with the sparse parity check matrix this results into a runtime that is linear &'(n) in the
number of variable nodes vy, ..., v,.[cf.IMac03| p. 9] This is achieved because the number of parity check
bits py,..., pg is smaller than the number of bits in the codeword g < n. If g is upwards estimated with n,
the runtime is still linear because in every iteration a variable node sends messages to a constant number
of parity check nodes and a parity check node sends messages to a constant number of variable nodes

16[cf. [Tohl p. 34]



16

leading to a runtime in &'(a, - g+ a.-n) = O(n). This is a significant runtime improvement compared to
an exponential runtime of Maximum Likelihood DecodingE] The only disadvantage is that the solution
is an approximation.

""Maximum-Likelihood-Decoding is a brute-force decoding approach where the received codeword r is compared with all
possible codewords ¢ € C to find the codeword with shortest Hamming distance.[cf. Johl p. 9]
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4 Neural Networks to Advance LDPC-Codes

When thinking about how neural networks could improve decoding, a first approach might be to hand
over the whole process of decoding to a neural network. To train this decoder pick a channel model,
feed codewords into the channel to create training data, and start. But with this naive approach all
knowledge about decoding would be useless. It would not be necessary to tailor a specific parity check
matrix and transform it to get a generator matrix. A more advanced approach is to look at what already
exists and find parts that benefit from optimization through neural networks. Transforming a Tanner
graph into a neural network is just one thought away. Wouldn’t it be great if problematic short circles
wouldn’t be an issue any more because the decoder is trained to mitigate them? In Machine Intelligence
in Decoding of Forward Error Correction Codes Naveet Agrawal takes a close look at the approach of
training the decoder to do a better job. In their paper Al Coding: Learning to Construct Error Correction
Codes Huang, Zhang, Li, Ge and Wang choose a completely different approach. Their goal is to train
a neural network to create codes that are optimal within their code family. The two approaches start
at opposite sides of the process, Huang et al. optimize the beginning with the code generation while
Agrawal improves the end with the optimization of the decoder. Although both approaches are appealing
and also the combination of the approaches are interesting taking a look at all ideas would have gone
beyond the scope of this thesis. Therefore the focus is on optimizing the decoder by transforming the
SPA into a neural network decoder (NND).

Agrawal follows Nachmanis [NML™17] idea of optimizing the decoding of LPDC codes. Therefore the
bipartite Tanner graph, basis for message-passing decoding algorithms like the Sum-Product algorithm
(SPA), is transformed into a neural network in a few steps. The Tanner graph is based on the parity check
matrix of the used LDPC code. Messages are passed along the edges of this graph. The first step is
to unfold the Tanner graph by transforming it into a directed graph and adding a copy of the graph for
each iteration of the message passing algorithm. Afterwards the edges of the unfolded Tanner graph are
transformed into nodes to form a neural network.[cf. Agr17, p. 24]

4.1 Transforming the Tanner Graph

SPA has a maximum number of iterations Tj,.x, the associated neural network has 2 - Ti,« hidden layers,
because each iteration involves two parts: sending messages E,, ,, from the parity check nodes to the
variable nodes and vice versa Oy, ci- This process is unfolded in the network.

Example 4.1: Unfold Tanner graph

For the example the same parity-check matrix H as in[Example 3.2|is used:

1 01 1 00
H=11110 1 0
01 11 0 1

S O =

Edges are now directed as messages are passed on from variable node to check node only to the
right. Messages passed from variable nodes to check nodes are marked in , messages passed
from check nodes to variable nodes are marked blue. The end of an iteration L, the hard decision
HD on the bit value of a variable node and the following check if all parity-checks are satisfied is
marked green. The example unfolds the graph for two iterations of the message passing algorithm.
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®© e e 6 6

Transforming the unfolded Tanner graph to a neural network takes a few steps. The resulting network is
called SPA-NN, short for sum-product algorithm neural network. In the next step the layers of the neural
network are described "]

4.2 Layers

The input layer of the neural network has n nodes, one node for each bit in the received codeword r. This
is equal to the first layer of nodes in the unfolded Tanner graph. The output layer of the SPA-NN also
has n nodes, one node for each decoded bit W; of the received codeword r. All hidden layers have the
same number of nodes |E|, corresponding to the number of edges in the Tanner graph and equal to the
number of ones in the parity check matrix H of the code. This is because the goal of SPA-NN is to train
the weights of the edges in the unfolded Tanner graph. Therefore a node in a hidden layer is representing
an edge.[[Agrl7, p. 23]

A node in the first hidden layer of the neural network represents an edge from a variable node v; to a
ceck node c; in the unfolded Tanner graph is denoted like the message in the SPA as . This is not
only the case for the first hidden layer but also for each following . Nodes in each even
hidden layer represent an edge from a check node ¢; to a variable node v;. These nodes are labelled
E., v, like the message sent in SPA. Connections between layers of the neural network are defined by
four configuration matrices.[cf.|Agrl7, p. 26]

1. Wioda for input Layer to hidden layer

2. Woadoeven for hidden layer to even hidden layer
3. Wevendoda for even hidden layer to hidden layer
4. Wopenrour for even hidden layer to output layer

For the definitions of the configuration matrices note that £ denotes the edges of the Tanner graph.

18The colors used in the following description match the colors used in the example.
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Definition 4.1: Configuration matrix W;,>,,4

An input-layer node r; is connected to a node of the first hidden layer if its bit is used as variable
node in an edge (v;,¢;) from variable node v to check node c;. This connection is described in the
n X |E| matrix

L, j=7
Winzoda (7, Ov,.ci)) = 0, otherwise ’

with rows r; € {ry,...,r,} and columns O, , ..y where (v;,c;) € E.

v j/ ,Ci
Definition 4.2: Configuration matrix W, 2.ven

An odd hidden layer node Oy, .

(vj,ci) and (cj,v)) use the same check node ¢; = ¢; but a different variable node v; # v';. This

connection is described in the |E| X |E| matrix

is connected to an even hidden layer node E(c;,v/j) if both edges

0 ) /
I, c¢i=ciandv;#V]

0, otherwise ’

Woddzeven (O(Vj7c,-) ) E(cg,v;) ) = {

with rows O, ) where (v, ¢;) € E and columns E(CM,) where (c},V;) € E.

Vir€i J

Definition 4.3: Configuration matrix W,,.,»,44

An even hidden layer node E, ,
(ci,vj) and (v, ¢}) use the same variable node v; = v; but a different check node c; # ¢/ This

connection is described in the |E| x |E| matrix

is connected to an odd hidden layer node O(V}=C§) if both edges

I, v;=V andc; # ¢
Weven2odd (E(ci.v;): O, ¢h)) = { 0 ojtherv{/ise o

J ’

with rows E,, ,y where (¢;,v;) € E and columns O(v, ;) Where (Vj,ci) EE.

Definition 4.4: Configuration matrix W,

An even hidden layer node E, , ) is connected to an output layer node wj if the hidden layer node
uses the variable node v; corresponding to the bit ;. This connection is described in the |E| x n
matrix

— L, j=J
Wevenzou (E(cuv/‘)’w.//) ~ 1 0, otherwise °

with rows E(, , ) where (¢;,v;) € E and columns Wy € {Ww1,..., W, }.

To get a feeling for the configuration matrices used, look at the following example.



Example 4.2: Neural Network based on Unfolded Tanner Graph

The same parity-check matrix H and the same (unfolded) Tanner graph as in is used.

1. Number of Layers in the SPA-NN
Based on two iterations of SPA, there will be one input layer and one output layer. As the
number of iterations 7 is 2, the neural network will have 2-7 =2 -2 = 4 hidden layers.

2. Number of Nodes in the layers of SPA-NN
H indicates the number of nodes in the layers of the SPA-NN. Input and output layers have
n nodes in a k X n matrix. In this example a 3 x 7 matrix is used, so these two layers have
7 nodes each. The nodes in each hidden-layer can be read from the number of ones in the
matrix, because each one represents an edge in the tanner graph. This leads to 12 nodes for
each hidden layer, also referred to as 12 hidden units.

3. Generate configuration matrices

Use |Definition 4.1 to create Wj,2,4¢ With nodes r; from the input layer and nodes 0(v/ )

from the Tirst hidden layer. For better readability ) will be shortened to O;; and Eq. V)

to E( ij)-
Oip 031 O41 Osy O1p Oz 032 Ogn O3 033 043 O73
ri 1 0 0 0 1 0 0 0 0 0 0 0
r 0 0 0 0 0 1 0 0 1 0 0 0
r3 0 1 0 0 0 0 1 0 0 1 0 0
r4 0 0 1 0 0 0 0 0 0 0 1 0
rs 0 0 0 1 0 0 0 0 0 0 0 0
e 0 0 0 0 0 0 0 1 0 0 0 0
ry 0 0 0 0 0 0 0 0 0 0 0 1

Use to create Woggoeven With nodes Oy, ) from an odd hidden layer and nodes
O(V/ﬁc;) from an even hidden layer. If ¢; is equal to ¢} it will be higlighted blue but only if v;
is not equal to v;. a 1 is entered.

E, E; E. Ejs Ey Ep Ej3 Ee Ep Ezz Ezq Ezg
O, 0 0 0 0 0 0 0 0 0
0 0 0 0 0 0 0 0 0 0
O, 0 0 0 0 0 0 0 0 0
051 0 0 0 0 0 0 0 0 0
O12 0 0 0 0 0 1 1 1 0 0 0 0
02> 0 0 0 0 1 0 1 1 0 0 0 0
(2% 0 0 0 0 1 1 0 1 0 0 0 0
Og 2 0 0 0 0 1 1 1 0 0 0 0 0
023 0 0 0 0 0 0 0 0 0 1 1 1
033 0 0 0 0 0 0 0 0 1 0 1 1
O43 0 0 0 0 0 0 0 0 1 1 0 1
073 0 0 0 0 0 0 0 0 1 1 1 0
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Use to create W,,en004q4 With nodes E| (civ)) from an even hidden layer and nodes
O(V}vfﬁ) from an odd hidden layer. First check if both edges two nodes represent use the same

variable node v; = v}. If this holds true it will be marked orange . Only of those two nodes
also do not share the same check node in the edges they represent, a 1 will be entered.

O 01 O:1 Os; Oip 0.p O30 Oqp 035 0335 0i35 053
E;. 0 0 0 0 1 0 0 0 0 0 0 0
E, 0 0 0 0 0 0 1 0 0 1 0 0
E, 0 0 0 0 0 0 0 0 0 0 1 0
E, 0 0 0 0 0 0 0 0 0 0 0 0
E> 1 0 0 0 0 0 0 0 0 0 0 0
E>» 0 0 0 0 0 0 0 0 1 0 0 0
E> 3 0 1 0 0 0 0 0 0 0 1 0 0
Ere 0 0 0 0 0 0 0 0 0 0 0 0
E3» 0 0 0 0 0 1 0 0 0 0 0 0
Es3 0 1 0 0 0 0 1 0 0 0 0 0
Es4 0 0 1 0 0 0 0 0 0 0 0 0
E37 0 0 0 0 0 0 0 0 0 0 0 0

In the last column one can see how important it is that the odd hidden layer after the first
hidden layer gets the channel info in addition to the information from the previous layer. In
this case the node Oy, ., has no edge to its previous layer and would therefore not receive
any information at all.

Use to create Weyenzour With nodes E, , .y from the last even hidden layer and
nodes w; from the output layer.

Wi Wy W3 Wi W5 W Wy
E| O 0 O O O o
E-|0 o0 0 0 0 0
E.l0 0 o0 0 0 0
Es|0 0 0 0 0 0
E2x] 1 0 0 0 0 0 0
Exp| O 1 0 0 0 0 O
Ey3 | O 0 1 0 0 0 0
Ee | O 0 0 0 0 1 0
Es»| 0 1 0 O O 0 O
Ez3 | O 0 1 0 0 0 0
Ez4 | O 0 0 1 0 0 0
Es7/ 0 0 O O O 0 1
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Output W for first 1tf.:rat10n oo K L Eys JEre  /Ezs
obtained by adding Exn ,}', 0 Ey 4/ v KA
. ~ 11
channel info E— e E 3
. 1
to updated LLR info E; ;
received from check node c;

01, @ ---p011 @
<7

’

1
. Es34
E; 5 1 =
13 gy, B

L

channel is 073 @ --p073 @
sent to

hidden layer

Nodes
O r; is the channel information for the j’th received bit.

0 ; short for OV_,.,c,-, odd layer node, representing an edge from variable node v; to check node c;.
O E; j short for E, ,;, even layer node, representing an edge from check node ¢; to variable node v;.
© wj is the output at the end of an iteration for the j’th bit.
— the red arrow with the slashed line indicates, that channel info as input for this node is needed
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4.3 From messages to activation functions

To complete the transformation from the Sum-Product algorithm to the NND an activation function is
needed. The messages in the Tanner graph can be calculated using tanh and tanh~' making them good
candidates for activation functions. Therefore the equation calculated in the check node, must be split in
two parts. Check node ¢; sends messages Ec.v, containing the extrinsic information about the bit value of
the variable node v; to this variable node. While v; adds received E, ,, (see and sends the
result known as intrinsic information O, ., (see . SPA does not use matrices to calculate
the messages. A method is introduced to calculate the messages based on matrix and vector operations.
The result is then combined with the activation function.

Algorithm 4.1: From Message Oy, ; to activation function of odd layersEl

The odd layer activation function is based on the calculation of O, ., see

1
Ovﬁcl.:tanh 5 rj+ Z Ec v,
teadj(v)\i

Calculation for odd layer output vector X; of iteration T;:

1. If the first hidden odd layer is calculated (7; = T7) then 7;_; = Ty is set as zero vector because
there is no initial information from the check nodes (no messages have been sent from check
nodes ¢; to variable nodes v; yet)

2. Calculate X;, the output vector of size |E| of the i-th odd layer
1 T T
X; =tanh 5 ' (VVinZOdd QR+ WevenZodd ®Xi—1)

Where ® denotes vector-matrix multiplication, both configuration matrices are transformed,
X;_ is the output vector of the previous hidden even layer with size |E| and
R a vector of size n with the input LLR channel information for each bit.

Algorithm 4.2: From Message E., ,; to activation function of even layersﬁl

The calculation of an even layer activation function is based on the calculation of E, ,, cf.

tion 3.8
Eey, =2-tanh™ ( [T (-2P®w,= 1)))

t€adj(ci)\j

Calculation for even layer T;:

1. Form a |E| x |E| matrix M;_; by repeating the odd layer output from layer 7;_; as a column
|E| times.

2. Calculate an auxiliary matrix M} | = W,ga2even © M;—1, where © is the element-wise multi-

19Tn Agrawals thesis there is a typing error in formula (3.5). [cf.[Agri7] p. 27] The formula is missing the inner brackets that

enclose this part: (r it Yicad i\ Eer; ) The error has been corrected in for the formula used in this thesis.
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plication
3. Replace zeros in auxiliary matrix M ; with ones

4. Calculate auxiliary vector X;* | of size |E| by multiplying along the column elements of M;" ;.
The products in X;* | correspond 0 [T;caq (e j(1 =2+ P (w, = 1)).

i

5. Calculate the output vector X; of the even layer 7; using tanh™! as activation function.
Xi=2- tanh™! ( ,'*_1)

The output previous to a hard decision is only adjusted in so far that the calculation is now also done by
matrix and vector operations. The result is an output vector holding LLR for each bit. This LLR output
can be obtained after each full iteration of SPA. In the NND it can be calculated at the same time as the
output for an even layer.

Algorithm 4.3: From output to output layeIEl

The calculation of the output layer is based on the calculation of the LLR of one single bit.

wi=ri+ Y Eeqy,
t€ad j(v;)

If an even layer output is calculated, also calculate vector W; of size n, the estimated LLR of this
iteration:

Wi =R+ WeTen20ut ®Ti-1

Vi

where

R is a vector of size n with input LLR channel information for each bit,
We€6n20m is the transposed configuration matrix describing edges from an even hidden layer to the
output layer,

® denotes vector-matrix multiplication and

T;— is the output vector of the previous even hidden layer with size |E|.

In|Algorithm 4.3 WeT is used to select the bits from the previous layer that are adjacent to the variable

ven2out
node, sum their values and add them to the initial LLR from the channel row per row.

Example 4.3: From Message Ec,, to activation function of even layers

Following the steps of the activation function for the example based on the same
parity check matrix H used in the last examples is calculated as follows.

1. The output row vector (01’1,0371,0471,0571 , 0172, 0272, 03’2, 06,27 0273, 0373, 04,3, 07.’3) from
the odd layer 7;_; is used to form matrix M;_; by repeating it 12 times (because there are

20(cf.[Agri7] p. 27]
2l [cf. [Agr17] p. 28]



|E| = 12 edges in the Tanner graph) as columns.

2. Calculate an auxiliary matrix M; | = Wyga2¢ven © Mi—1, where © is the element-wise multi-
plication. M}, is equal to W,g42¢ven With the output values of the previous layer instead of

011
03,1
041
Os.1
O12
(%)
O3>
O¢2
(X
033
O43
073

O1,1
03,1
O4.1
Os.1
O12
02
O3,
O¢ 2
023
033
O43
073

01,
03,1
O4,1
Os.1
O12
02
O3>
O¢2
023
033
043
073

01,1
03,1
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023
033
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073
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03,1
041
Os,1
012
%)
O3,
O¢2
023
033
O43
073

011
03,1
O4.1
Os.1
O12
(%)
O3>
O¢2
023
033
O43
073

01,1
03,1
O4,1
Os,1
O12
(%)
O3
O¢,2
023
033
O43
073

ones in it.

Eiy Ei3 Evg Eis Ex1 Exp Exz Eye Eszp Ezz Eszg Ezg

01 0 011 011 O 0 0 0 0 0 0 0 0

0311031 0 031 0317 O 0 0 0 0 0 0 0

O41 | Os1 O4; 0 O4: 0 0 0 0 0 0 0 0

Os; | Os1 Os; Os; O 0 0 0 0 0 0 0 0

O] 0 0 0 0 0 012 012 O1p O 0 0 0

0O, O 0 0 0 O 0 0O2p 025 O 0 0 0

O3> | O 0 0 0 O3 03 0 03, O 0 0 0

Os2 | O 0 0 0 Os2 Ogr Ogr O 0 0 0 0
013 0 0 0 0 0 0 0 0 0 03 023 023
033 0 0 0 0 0 0 0 0 033 0 033 033
O43 0 0 0 0 0 0 0 0 043 043 0  Os3

073 0 0 0 0 0 0 0 0 073 073 0735 O

3. Replace zeros in auxiliary matrix M;" | with ones, leading to the following matrix.

1 011 O11 O 1 1 1 1 1 1 1 1

03 1 031 O3 1 1 1 1 1 1 1 1

O41 O4; 1 Os4; 1 1 1 1 1 1 1 1

Os; Os; Os; 1 1 1 1 1 1 1 1 1

1 1 1 1 1 012 012 Opp 1 1 1 1

— 1 1 1 1 02> 1 022 072 1 1 1 1

-1 1 1 1 1 032 Os2 1 03, 1 1 1 1

1 1 1 1 Os2 O¢r Ogp 1 1 1 1 1

1 1 1 1 1 1 1 1 1 023 023 033

1 1 1 1 1 1 1 1 033 1 033 O33

1 1 1 1 1 1 1 1 043 O43 1 043

1 1 1 1 1 1 1 I 073 073 073 1

25



26

4. Calculate auxiliary vector X;* | of size |E| by multiplying along the column elements of M ;.

The products in X;* | correspond to the inner part of messages E.,,; sent from check nodes
to variable nodes: [];cqq(c,) (1 — 2P0 (w, = 1)).

i

Eciyvj:Z-tanh_]< I1 (1—2-P<i">(w,1))>.

teadj(ci)\j

As the ones are the neutral element in a multiplication, they do not change the result of the
multiplication. The correct calculation of the first entry of the vector X;* | in this example is:

1:031:041-0s51-1-1-1-1-1-1-1-1

For better readability the ones are omitted in the following calculation of X" ;.
03,1-04,1- 051, !
01,1- 04,1051,
01,1-03,1-0s1,
01,1-03,1- 0471,
02703, 0¢ 2,
012032 0¢,
012022 0g2,
01202203,
0353043073,
033-043- 073,
015033073,
023033043,

. Calculate the output vector X; of the even layer 7; using tanh~! as activation function. By

applying 2 - tanh™! to the vector, the calculation resembles the well known calculation of
E.,», from Defintion 1.

X; =2 tanh™ " (X} |) = (E11,E13,E14,E15,E21,E22,E23,E2 6, E32,E3 3, E3 4, E3 7)

For the implementation of the SPA-NN this vector is transposed such that every output of
every layer is always a vector (not a lying vector).
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S Implementation

This section describes findings and decisions made during the implementation. For the realization Py-
torch 1.8.14+cul02, CUDA 10.2 and Python 3.7 was used. Pytorch was picked over Tensorflow as this
approach demanded custom weights, weight masks as well as custom activation and loss functions which
where easier to maintain and debug using Pytorch.

5.1 Activation Functions

The implementation of the activation function of the even layer is a special case because the weights for
the connections between an odd and an even layer are not to be trained. This is not explained explicitly
by [Agrl7], he states that all weights except W,y420ven are open for training[cf. |Agrl7, p. 28 f.] At first
it seemed that the explanation for not training weights W, ;2. Was the even layers tanh™! (x) activation
function.

Definition 5.1: tanh !

The inverse hyperbolic tangent function tanh ! is defined for —1 < x < 1 as

_ 1 14+x
tanh~! = ~ .1
an 2 n<1x>

and its output range is —oo < tanh~!(x) < +oo.

So tanh™'(x) is only defined for an input between minus one and one. As the output of the odd layer is
produced by tanh(x) with a output value range between minus one and one this part is not a problem.

Definition 5.2: tanh

The hyperbolic tangent function tanh(x) is defined for —oo < x < +o0 as

sinh(x)  ef—e™™ -1 2

tanh(x) = = = 1=
anh(x) cosh(x) e+e* e2+1 e 41

and its output range is —1 < tanh(x) < 1.

As soon as the weights have values bigger than one or smaller than minus one the input for tanh~! is not
valid any more. But it turned out that the reason for not training W,,z2¢ven li€s in step 4 of
where the output of the previous layer is multiplied by the weight an then multiplied with each other
instead of added. By multiplying the derivative is made dependent on multiple weights.

The tanh™! activation function of the even layer also turned out to be a problem when one message
E.,y, is equal to +-1. As one can see inthe input of p = 1 into tanh~'(p) will lead to infin-
ity, propagating as nan values through the further Pytorch operations. To avoid this behaviour it would
be possible to subtract the smallest possible € from p or replace infinity values by a fixed value which
is called clipping. Agrawal is aware that using tanh~! as activation function leads to exploding output
values when the input values reach +1 and he pleads for clipping the function’s output. [cf.|Agrl7, p.
16] He suggests clipping the output (—E,E) from even layers to 10 < E < 20. [cf.|Agr17, p. 35] This
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clipping approach was not suitable for Pytorch. Clipping £ to 20 worked in the forward pass but an
output of infinity broke Pytorchs autograd resulting in nan values during back propagation. Subtracting
an ¢ from the input of the tanh~! function did not break back propagation and clips the output of an even
layer to ~ 4-16.6, a value that fits perfectly into the suggested clipping interval.

5.2 Loss Function

The target variables of the SPA-NN are Bernoulli distributed, therefore for experiments and training a
Cross Entropy based loss function (CEL) as used. [cf.|Agrl7, p. 41 f.]

Definition 5.3: Cross Entropy Loss Function (CEL)

The CEL calculates the error based on the neural networks prediction P(x = 0) for input codeword
x, and the target codeword y.

CEL(P(x= iyn In(1- =0))+ (1 —yu) - In(P(x, =0)

where

N is the length of both codewords

y is the binary vector of the target codeword

vn 1s the nth bit of the target codeword and

P(x, = 0) denotes the NNDs prediction for the n-th bit of the input vector being a zero.

In the CEL the target bit value is used as an selector whether the logarithm is used on the probability for
the bit to be one or the bit to be zero. In the implementation a perfect prediction was a problem because
this selection was applied after evaluating the logarithm. This lead to the calculation of 1n(0) in the not
selected part. Pytorch evaluates In(0) to —oo and the multiplication 0 - —oo to nan. This nan value of one
bit propagates through the whole loss calculation. To prevent this behaviour a check was added to add
0 to the sum whenever a prediction was perfect. In the implementation the loss is calculated for every
codeword and at the end of one epoch all losses are summed up. To compare the losses of training-, test-
and validation dataset all losses in plots have been normalized by the number of codewords in the dataset
to make it easier to compare them.

5.3 Hard Decision

There is no hard decision made on the output as described in because the output of the
neural network decoder is not using a LLR. This is because a sigmoid function is used to transform the
probability of a bit being zero from the its LLR value.[cf.|Agr17, p. 29]

Definition 5.4: Sigmoid Function

The sigmoid function ¢ (x) is defined as follows with e being Euler’s number:




29

This step is crucial because it squeezes the obtained values into probabilities that can be used for the
Cross Entropy based Loss function. [cf./Agrl7, p. 41 f.] In my implementation a hard decision for the
sigmoid of the LLR was added.

Definition 5.5: Hard Decision Sigmoid

A hard decision on the output of the sigmoid function HD(x) is made as follows:

0, ifx>0.5
HD"(X)_{ 1, ifx<0.5

To check intermediate results a hard decision based on the LLR could also be made after every two layers
of the neural network which is equivalent to making a hard decision after every iteration of the SPA.

5.4 Dimensions

For the implementation I decided that every output of every layer is always a vector (not a lying vector).

6 Experiments

This section gives an overview about the results and learnings during the experiments. Each experiment
is preceded by a hypothesis that is evaluated in the process of interpreting the results of the experiment.
It is described where the results matched the expectation and where they differ. The experiments focus
on different SNRyps for training and a comparison between a fixed training set and a on the fly gen-
erated training set as well as on trying out different batch sizes. When selecting hyper-parameters it is
a trade-off between performance of the NND and complexity. Experiments with hyper parameters like
learning rate and optimizer are not performed because Agrawal states that the choice of the optimizer
does not make a difference therefore RMS-Prop as supposed by Agrawal is chosen for the implementa-
tion. [cf./Agrl7, p. 37]. According to Agrawal the NND decoder performs only slightly better than SPA
because LDPC Codes do not have many small girth cycles or trapping sets.[Agrl7, p. 63] The following
experiments where done on the example that was used in this thesis which is not as sparse as bigger
LDPC codes would be. However it was possible in the experiments to find best practices for training the
NND based on this example. Within the experimental protocol the following new abbreviations are used:

BS Batch Size

E Epochs

Ccw Codewords

CW/E | Codewords per Epoch

F Fixed dataset (as opposite from a on the fly generated dataset)
OTF | On The Fly generated dataset (as opposite from a fixed dataset)
val. validation

A Jupyter Notebook is provided to explore the measured performances of the network during training as
well as an evaluation of the trained network. Plots for all experiments can be found and reproduced in
the Jupyter Notebook. In order to stay within the scope of the thesis, only a selection of plots is printed
here. Particular attention was paid to selecting plots that were especially remarkable, or that supported a
statement well. Keep in mind that losses in the plots as well as in the experiment tables are normalized



30

by the number of codewords used during training and for validation to bring all losses to the same scale.
For better readability, values (e.g. losses, NVS) are rounded to three decimal places.

6.1 Metrics

To measure the performance of the trained NND the Bit Error Rate BER (see is used.
As a baseline of how hard a noisy codeword is to decode all codewords are also decoded by the classic
SPA. Therefore the LDPC decoder implemented by Veeresh Taranalli was usedEZI In this implementation
the LLR is swapped when compared to the LLR defined in this thesis (see|Definition 3.6): P(bit(v;) = 0)
is now below the fraction line while P(bit(v;) = 1) is above the fraction line. This issue was resolved
by multiplying the LLR of the noisy codeword with —1 before using Taranallis decoder. Also the imple-
mentation was not stable on LLR values exceeding +-10. Therefore when data is generated the LLR will

be clipped to £10, which still is within the suggested LLR range (see[subsection 5.T)).
A Normalized Validation Score is used to combine the BERs of NND and SPA decoding SNRyg-wise.

Definition 6.1: Normalized Validation Score (NVS@

Let S be a set of different SNRyg and s € S. Let D(s) be a dataset created by using s. The NVS
normalizes the BER of the NND with the BER of the SPA. The results are summed up and averaged
over the number of used SNRygs. Note that the same dataset per SNRyp D(s) is used to calculate the
neural networks bit-error-rate BERNNp (D(s)) and the bit-error rate of the sum-product algorithm
BERSPA (D(S) ) .

1 BERNND (D(S))

NVS(S) = |S| = BERgpa(D(s))

seS

Both the NND and the SPA are given five iterations for decoding. The lower the NVS, the better the
performance of the NND is compared to classic SPA decoding. The NVS is not covering the case
where SPA perfectly decodes all codewords in a SNRgp bucket. This case would lead to a BERgps
of zero and therefore to a division by zero. In my implementation I replace BERgps with an epsilon
€ = sinher Of_bitg_‘?n_SNR_bucket if BERgpa is equal to zero. The value of 0.5 is quite arbitrarily chosen, the
main point is that the resulting BER is smaller than the smallest possible BER of Of_bits}m_SNR_bu et
One would expect that SPA and NND have the same BERs and therefore a NVS of one at the start of the
training, which is not the case. The reason for this behaviour is that the bit error rates per SNRyp for the
neural network are calculated at the end of an epoch. Therefore the first value in the plot shows already
the improvement of the neural network in relation to the SPA.

As BERs of zero can happen, I created a Simple BER Comparison(SBC) metric that is less prone to
zeroes. Instead of looking at the ratio between BERnynp and BERgpy it focuses at the difference between
the BERs.

22Veeresh Taranalli, CommPy: Digital Communication with Python, version 0.3.0. Available at https://github.com/
veeresht/CommPy, 2015.
2[cf.|Agrl7, p. 33 ff.]


https://github.com/veeresht/CommPy
https://github.com/veeresht/CommPy
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Definition 6.2: Simple BER Comparison (SBC)

Let S be a set of different SNRyp and s € S. Let D(s) be a dataset created by using the SNRyp 5. The
differences between the two BERs are summed up and averaged over the number of used SNRggs.
Note that the same dataset per SNRqg D(s) is used to calculate the neural networks bit-error-rate
BERNND (D(s)) and the bit-error rate of the sum-product algorithm BERgpa (D(s)).

1

SBC(S) = — - ) BERxnp(D(s)) — BERgpa (D(s))

HSGS

With the SBC a value of minus one would be the best (but very unlikely) result, where the BERs over all
SNRs achieved by the neural network are zero while the BERs achieved by SPA are one. The lower the
SBC the better the neural network performs in comparison to the SPA. In comparison with the NVS the
SBC leads to similar results. The SBC was therefore removed from the plots in favor of the NVS for the
sake of clarity. To take a look at the overall BER during training without having to distinguish between
the used SNRs an Average BER can be calculated.

Definition 6.3: Average BER (ABER)

Let S be a set of different SNRgg and s € S. Let D(s) be a dataset created by using the SNRyp s.
The average BER is calculated as follows:

1

ABER(S) = 5

Y BERnnp(D(s))

seS

where BERnnp can be replaced by BERgps if ABER for SPA needs to be calculated.

6.2 Datasets

The NND is trained with supervised learning on structured data. Training data is generated by transmit-
ting codewords through a noisy channel. AWGN is used for modelling magnitude and error patterns as
functions of the variance of the noise and the randomness of the noise process. As the performance of
SPA is independent of the transmitted codeword, training data can be created by using only one code-
word and modify it through the channel model. [cf.|Agrl7, p. 47] Apart from independence, the Tanner
graph is the decisive factor that one code word is sufficient. The neural network created by unfolding the
Tanner graph does not change the structure and the information flow by assigning weights to the edgesFE]
Therefore a big plus when using NND compared to a fully-connected feed-forward neural network is
that it does not require training over a large proportion of the entire code.

A short overview over the used datasets is provided in the following table. A detailed description of the
datasets and an explanation for decisions made regarding datasets follow in the next chapters.

241f a fully-connected feed-forward neural network is used, training over a large proportion of the whole code would be
necessary as the structure of the Tanner Graph is missing. This would lead to an increase in the size and complexity of the
training data, which makes it impracticable to train for larger dimension codes.[cf. Agrl7, p. 47]
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Dataset Number of CWs SNR CW Seed | Noise Seed
Training Experiment dependent | Experiment dependent | O 11
Validation | 500 same as experiment 4 5

Test S5 54000 [-5.0, 4.5, ..., 8] 5 5

Test S4 54000 [-5.0,-4.5, ..., 8] 4 4

6.2.1 Training Dataset

The all-zero codeword is part of every linear code and therefore predestined to build the training data
set on it. This leads to a significant reduction in size as well as in complexity of the training data. In
the following experiments using the all zero codeword during training is compared with using random
generated codewords. Another experiment tries to improve the NND performance by moving from a
fixed training dataset to a not fixed training dataset. For the not fixed dataset within every batch during
training the noise is created anew and added to the all zero codeword. Therefore no all zero codeword
- noise combination is reused on purpose. The parameters for training used by Agrawal are 2!8 epochs,
1024 batches per epoch and a batch size depending on the size of the code. Agrawal suggests a twice as
big batch size for LDPC codes than for Polar codes as the training size required to learn the error pattern
is usually larger than in high density codes. For example a (n, k) LDPC code, where n is the length of
the codeword and k is the length of message to be encoded, with n = 32 and k = 16 requires a batch size
of at least 256. The code example used for the experiments in this thesis is a (n= 7, k=4) LDCP code
which makes is sufficient to work with smaller batch sizes, less batches and less epochs.

Normally an epoch describes how often the neural network sees the whole dataset during training. With
the approach of creating noise on the fly for each batch the network sees a different dataset in each epoch.

6.2.2 Validation Dataset

A validation of the NND during training is done after every epoch using a validation data set of 500
codewords@ If not stated otherwise in the experiment description the validation set shares properties
with the training dataset when it comes to SNR and the use of all-zero-codeword. This approach differs
from the procedure described by Agrawal in several ways. In his validation data set he used random
codewords and a wide range of SNR values to represent a more realistic set of data but also draws
attention to the problem that unrealistic SNR values or a small data set could lead to unreliable scores
[cf.|Agrl7, p. 47 f.] He also describes the choice of these parameters as subjective and states a lack of a
standard method, which enables a new point of view on the training process.

6.2.3 Test Dataset

To test the performance of the trained NND a fixed test dataset of randomly chosen codewords is used.
Noise from 27 different signal-to-noise ratios in the range of § = [—5.0,—4.5,—4.0,...,8.0] is added to
the codewords. The codewords are evenly distributed over all SNRs with 2000 codewords per SNR. This
leads to a test dataset size of 54000 codewords. SNR range is chosen to match the setup described by
Agrawal. [cf.|Agrl7, p. 53] To calculate NVS and compare results the NND achieves with the results
from SPA Agrawals approach “For each SNR value, the decoding is performed till either at least 500
codewords are found in error, or a total of 50,000 codewords are tested.” is not followed. [Agrl7, p.

25There are some special cases where not exactly 500 codewords could be used. In this case the number of codewords in the
validation set is stated in the experiment setup to guarantee reproducible results.
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53] The NVS calculated on the test data set to evaluate the trained network uses a 5 as seed for the
codewords and the noise. Therefore this test dataset is called Test S5. To reproduce the results exactly
the seed does matter as the NVS varies from the third decimal place depending on the noise. For results
that contradicted expectation or had other abnormalities, an evaluation was performed with an alternative
test data set generated with 4 as a different seed, called Test S4. This procedure was chosen to find out if
the behaviour is conspicuous in principle or whether special outliers in the test set caused it.

6.3 Experiment: Training Dataset Size

Hypothesis: The bigger the fixed training dataset size the better the performance of the trained neural
network.”.

A bigger training dataset size will expose the network to more different noise patterns during training,
making it easier to generalize noise patterns from a SNRyp different to the training SNRyg. The smaller
the training data set, the faster the training, therefore the goal is to find the smallest training dataset that
performs well.

Fixed training parameters:
* a fixed set of random codewords, not the all-zero-codeword only
* SNR2
* batch size 26
* fnn structure
* 2000 training epochs
Fixed validation set parameters:
* 500 random codewords
* SNR2

The following table compares metrics of the neural network for different training dataset sizes during
training (train, validation) and after training (test). Train and validation values are picked from epoch
2000, plots are shortened to 800 epochs because loss as well as NVS are converging afterwards not
showing new information but making the existing information harder to see.

CWI/E| loss train | loss validation | NVS train | NVS validation | NVS test S5
260 | 0.074 0.121 0.299 0.573 0.566

520 | 0.066 0.126 0.314 0.603 0.54

1040 | 0.074 0.102 0.384 0.506 0.495

2080 | 0.079 0.099 0.399 0.487 0.493

5200 | 0.084 0.094 0.405 0.487 0.487

The following plots show that a training dataset with only 260 codewords has not enough codewords to
generalize well to another dataset from the same SNR distribution.

Loss indicates overfitting already around epoch 100, while the normalized validation score (NVS) shows
that the neural network is performing quite the same on both datasets up to epoch 500. A bigger training
dataset should help here. Doubling the training dataset size is not enough to prevent this effect: loss
as well as NVS are even diverging further. The NVS achieved by both networks on the test dataset
show on the one hand already an immense improvement in comparison to SPA, on the other hand when
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Figure 1: Training dataset size of 260 CW/E.
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Figure 2: Training dataset size of 520 CW/E.

compared to the NVSs that are achieved by the networks trained on the bigger datasets there is still room
for improvement.

Starting with a training dataset of size 1040 not only the NVS is significantly better, also training and
validation loss as well as training and validation dataset NVS are not diverging as strongly any more.
Using more codewords seems to enable overcoming the drawback of overfitting to the training dataset.
Taking a first look at the plots where a dataset of 1040, 2080 or even 5200 codewords was used during
training might raise the thought that the network is not learning after a view epochs. The reason for this
behaviour can be found in the relationship between dataset size and learnable parameters. The trained
network is a minimal working example. It has eleven layers and therefore eleven weight matrices but
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Figure 3: Training dataset size of 1040 CW/E.
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Figure 4: Training dataset size of 2080 CW/E.

only the four W,,.,2,44 matrices are trained. In these matrices, there are only twelve non-zero entries in
total allowed. This is necessary to ensure the same information flow as provided by SPA. These sparse
weight matrices lead to only 48 learnable parameters in total.

When comparing NVSs of trained networks one can clearly see that a bigger fixed training dataset size
enhances the performance of the network. The experiment also showed that when using more than 2000
codewords the major training steps happen within the first 200 epochs. Based on this discovery, fewer
epochs are also used in the following experiments when possible to speed up the process.

The last plot gives an overview of the BER achieved by the different dataset sizes on the test dataset. A
logarithmic scale is used for BER to make differences clearer visible on higher signal-to-noise ratios. If
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Figure 5: Training dataset size of 5200 CW/E.

a BER is equal to zero the logarithmic scale will result in negative infinity. Therefore the plot is cropped
at 107> in the y axis. A plot for the BERs achieved by every training dataset size compared to the BERs
achieved by SPA on a non logarithmic scale can be found in the evaluation jupyter notebook.

The logarithmic scale focuses on the higher SNRs. One can see that on the used testset 1040 CW/E and
5200 CW/E decoded perfectly with a BER of O for all SNRs bigger than 7, but on lower SNRs the bigger
training dataset was able to prepare the neural network better. Overall one can see that decoding with the
trained neural network leads to a better result than only using SPA.

Comparing testset BER of SPA and trained NN
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Figure 6: Compare BERs of trained network on networks trained on different training dataset sizes.
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6.4 Experiment: Train on All-Zero Codeword

Hypothesis: "It does not matter if the all-zero codeword only or randomly picked codewords are used in
the training data set.”

The performance of SPA is independent of the transmitted codeword and the transformation of SPA to
the NND via unfolding the Tanner graph does not change the flow of information. Therefore the NND
should also be independent of the codewords it is trained on. The decoding performance should not
depend on the values of the transmitted bits but on the error patterns induced by the channel. This is
because output produced by variable nodes and check nodes is a function of the error-patterns in the
channel input represented by the LLR.

Fixed training parameters:

* 5200 CW/E
* SNR 2
* batch size 26
* fnn structure
* 2000 training epochs
Fixed validation set parameters:
* 500 random codewords
* SNR 2

To compare the performance the following four different combinations of training and validation datasets
are used. For the first case (train: random, validation: random) it was possible to reuse the results from
the training dataset size experiment.

train: zero, random loss train loss validation | NVS train | NVS validation | NVS test S5
validation: zero, random

train: random 0.084 0.094 0.405 0.487 0.487
validation: random

train: zero 0.081 0.087 0.404 0.458 0.486
validation: zero

train: random 0.084 0.086 0.405 0.442 0.487
validation: zero

train: zero 0.081 0.096 0.404 0.494 0.486
validation: random

The noise added to the codewords has the same seed whether the all zero or random codewords are used.
One would expect the losses be exactly the same because the decoding performance depends on the
channels error patterns and not on the transmitted bits. This experiment shows that for training a neural
network this is not the case. It does make a slight difference if training is done on random codewords or
the all-zero codeword. This deviation from the expected behaviour can be attributed to the loss function
used. The cross entropy loss function punishes medium probabilities while the hard decision in SPA is
insensitive here. For the hard decision is does not matter if a probability is 0.51 or 1, both lead to the
same result. When random codewords are used, bit values of 1 occur. Using BPSK a bit value of 1 is
mapped to -1 while a bit value of 0 is mapped to 1. When for example noise of 0.5 is added to this bit,
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Figure 7: Comparing losses during training with all-zero codeword and a dataset of random codewords.
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Figure 8: Random codewords in both training dataset and validation dataset.

this noise would lead to -0.5 in the one case and 1.5 in the other, introducing error in the first case while
enforcing the sent value in the second case.

The experiment showed that training the neural network is not as independent from the transmitted
codeword as simple decoding using SPA is. As exciting as the finding that training with an unrealistic set
of all-zero codewords leads to a better result than training with a realistic dataset of random codewords
is, further experiments would be needed to proof if this always is the case. The parameters of the training
data set play such a significant role when it comes to the loss, with another noise or SNR the result may
be different.
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Figure 9: All-zero codewords in both training dataset and validation dataset.

6.5 Experiment: Batch Size

Hypothesis: ”Code size and batch size share a linear dependency.”

As stated in [subsubsection 6.2.1] the best batch size depends on the size of the code. The expectation is
a sweet spot around batch size 64 because the code based on H in this example is a fourth of the size
of the code described in the subsection were a batch size of 256 was recommended. If code and batch
size share a linear dependency it would make sense to reduce also the batch size to a fourth. To compare
different batch sizes the number of codewords per epoch is set to a fixed value because the loss and
NVS is calculated for a whole epoch. For easier calculation multiples of two are taken into account for
possible batch sizes, starting with 16 going up to 256. The previous experiment showed that training on
the all-zero codeword does not lead to a low performance, therefore the all-zero codeword is used during
training in this experiment.

Fixed training parameters:
* 4096 CW/E (to use powers of two in BS)
* all-zero-codeword only
* SNR 2
* fnn structure
* 2000 training epochs
Fixed validation set parameters:
* 500 all-zero-codeword only
* SNR2

With 4096 CW/E one can observe two different behaviours during training. The loss of all batchsizes ex-
cept BS 64 look alike with the training and validation losses diverging after a view epochs. BS 64 shows
unique behaviour during training with both losses and NVSs nearly melding which can be observed in

fig. TT}
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SNRgg | loss train | loss val. | NVS train | NVS val. | NVStest S5 | NVS test S4
16 0.08 0.088 0.434 0.462 0.489 0.492
32 0.077 0.086 0.399 0.454 0.488 0.49
64 0.083 0.083 0.435 0.431 0.492 0.489
128 0.082 0.087 0.449 0473 0.49 0.495
256 0.081 0.086 0.407 0.454 0.489 0.487
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Figure 10: Losses and NVS during training for BS 32.
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Figure 11: Losses and NVS during training for BS 64.

When evaluating the trained networks on the test dataset, BS 64 had the worst NVS, all tough all batch-
sizes were very close to each other. It is not possible to deduce a linear dependency from this result, it
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rather is to be excluded.

Comparing testset BER of SPA and trained NN
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Figure 12: Comparing BERSs of trained networks on test dataset S5, using a logarithmic scale for BER
(where a BER of 0 — —o0).

When comparing the raw BERs instead of the achieved NVS in [fig. 12} one immediately sees why BS
32 seems to be the best choice. The network trained with BS 32 shows a significantly better BER on
SNRggp 6.5 but otherwise shows nearly the same behaviour as the other networks. This outlier of BS 32
indicates that the evaluation of which batch size is the best at this point depends predominantly on the
test set used. To test this assumption, the evaluation is performed once with seed 4 for code words and
their noise in test set. The result confirms the assumption. The worst NVS of 0.495 is achieved with BS
128 while the best NVS of 0.487 is accomplished by BS 256, followed by BS 64 with a NVS of 0.489.
The batchsize used does not make a noticeable difference for this example when evaluating the trained
network.

6.6 Experiment: SNRgqg Combinations for Training

Hypothesis: “Training on only one SNR g leads to results equivalent to using a range of SNRyp in the
training data set.”

Picking the right combination of SNRyp in training is not well explored yet. In one experiment on a (32,
16) polar code training on a fixed SNRyp of 1 dB lead to an equal result as training with a varying SNRgp
from -2 to 4 dB, but the training SNRyp value might be different for different families or size of the code.
[cf.|Agrl7, p. 49] The goal of the first experiment is to find the best single SNRyp for training. SNRgp
in the range of [-4, -3, -2, -1, 0, 1, 2, 3, 4] have been tested.

Fixed training parameters:
* 4096 CW/E
* a fixed set of random codewords
* BS64

¢ fnn structure

2000 training epochs



42

Fixed validation set parameters:
* 500 random codewords

* use same SNR as in train dataset

From the N'VS the trained networks achieve on the test set one can see that training on a single SNRgp
works especially well in the high SNRy4g area. At a SNRyg of zero the signal power is just as strong as
the noise power, a SNRgp of 1 is about equal to the signal power being by ~ 0.25 stronger than the noise.
If the signal is by ~ 0.6 stronger than the noise a SNR4p of 2 is reached. On the example used in this
thesis training on a SNRyp of 2 is the smallest SNRyp that leads to the best result during training. One
should keep in mind that a too high SNRyp will not expose the network to enough noise. This could not
observed for the chosen test set. Therefore a run on an alternative test set using seed 4 for both codewords
and noise is conducted. The trained networks showed the same tendency for all SNRggs, only at SNRgp
4 the network started to perform slightly worse. It seems that SNRgp 4 reaches the point where noise
gets sparse.

SNRyg | loss train | loss val. | NVS train | NVS val. | NVStest S5 | NVS test S4
-4 0.471 0.486 0.967 0.944 0.59 0.598

-3 0.416 0.433 0.939 0.944 0.52 0.52

-2 0.354 0.368 0.896 0.896 0.507 0.511

-1 0.284 0.298 0.809 0.792 0.496 0.497

0 0.214 0.224 0.73 0.708 0.494 0.495

1 0.146 0.156 0.598 0.614 0.491 0.492

2 0.087 0.094 0.433 0.487 0.49 0.489

3 0.044 0.052 0.276 0.333 0.49 0.489

4 0.017 0.025 0.143 0.244 0.49 0.491

The second part of this experiment searches for different SNR4g combinations within the training dataset
that outperform the neural networks trained on one single SNR4g. Therefore multiple combinations of
SNRgp are compared to each other. The number of codewords in the training dataset will be slightly
adjusted so codewords are identically distributed over all used SNRgg. In these experiments the network
is trained for 750 epochs. This value is picked according to the experiments done so far which show that
the most relevant learning happens within the first hundred epochs. The experiment on training on the
all-zero codeword showed, that training with the all-zero codeword does not lower the performance, the
all-zero codeword is used in train and validation set. Batch size, CW/E and codewords in validation data
set are picked to ensure a uniform distribution: the same number of codewords per SNRyg within the
train dataset. This leads to slightly different batch sizes as noted below.

Fixed training parameters:
e all-zero-codeword training data

e BS 64 for 4 SNRyg, BS 63 for 3 and 7 different SNRyg, BS 60 for 5 and 6 SNR4g
¢ fnn structure
* 750 training epochs

¢ about 4200 CW/E (4221 CW/E for 7 different SNRyg and 4224 CW/E for 4 different SNR4g)
Fixed validation set parameters:
¢ 420 all-zero codewords

* same SNR distribution as in training
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SNR loss train | loss validation | NVS train | NVS validation | NVS test S5
[-4, -3, ..., 2] 0.271 0.295 0.75 0.769 0.493
[-3,-2, ..., 3] 0.21 0.224 0.63 0.656 0.49
[-2, -1, ..., 4] 0.152 0.163 0.523 0.529 0.488
[-4, -3, ..., 1] 0.311 0.326 0.809 0.813 0.497
[-3,-2, ..., 2] 0.247 0.253 0.721 0.7 0.492
[-2,-1, ..., 3] 0.186 0.192 0.611 0.618 0.495
[-1,0, ..., 4] 0.131 0.129 0.498 0.506 0.489
[-4,-3,-2,-1,0] | 0.346 0.357 0.872 0.894 0.497
[-3,-2,-1,0,1] | 0.279 0.285 0.784 0.769 0.495
[-2,-1,0,1, 2] 0.213 0.213 0.668 0.681 0.49
[-1,0, 1,2, 3] 0.151 0.146 0.543 0.528 0.491
[0,1,2,3,4] 0.099 0.098 0.424 0.385 0.49
[-4, -3, -2, -1] 0.379 0.389 0.897 0.915 0.503
[-3,-2,-1, 0] 0.312 0.321 0.834 0.814 0.491
[-2,-1,0, 1] 0.242 0.249 0.738 0.723 0.488
[-1,0,1,2] 0.173 0.184 0.63 0.712 0.488
[0,1,2,3] 0.113 0.125 0.515 0.578 0.49
[1,2,3,4] 0.066 0.072 0.365 0.437 0.489
[-3,-1, 1, 3] 0.215 0.218 0.646 0.724 0.488
[-4,-2,2,4] 0.226 0.223 0.605 0.634 0.49
[-4, -3, 3, 4] 0.232 0.225 0.595 0.64 0.493
[-3,0, 3, 4] 0.165 0.164 0.512 0.521 0.487
[-4, -3, -2] 0.409 0.429 0.915 0.958 0.546
[-3,-2,-1] 0.346 0.367 0.86 0.894 0.496
[-2, -1, 0] 0.275 0.299 0.795 0.868 0.494
[-1,0, 1] 0.205 0.225 0.691 0.781 0.491
[0, 1, 2] 0.14 0.154 0.546 0.643 0.487
[1,2,3] 0.086 0.095 0.424 0.521 0.492
[2, 3, 4] 0.047 0.05 0.276 0.297 0.492
[-4, 0, 4] 0.226 0.239 0.601 0.743 0.492
[-3,0, 3] 0.215 0.234 0.631 0.775 0.49
[-2,0, 2] 0.208 0.228 0.669 0.839 0.489

Combinations that do not work well are combinations with only negative SNRygs like [-4, -3, -2, -1]
or [-4, -3, -2]. With those combinations too much noise hinders learning during training. What cannot
be observed is a deterioration in training when (only) high positive SNRygs are used. This behaviour is
expected because the same tendency occurred when a single SNRgp was used during training. Taking
a closer look and comparing the NVS achieved by the validation dataset and the NVS achieved by test
dataset S5 one can observe very significant differences. Take for example the last entry in the table of
SNR4g combinations: combination [-2, 0, 2]. The NVS on the validation set is 0.839 while the NVS
on the test set is 0.489. The gap can be explained by the differing data sets. The validation set has
140 codewords for each SNRyg, so 140 CW with SNRyg -2, 140 CW with SNR4g 0 and 140 CW with
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SNRgg 2, so 420 codewords in total. The test dataset has 2000 codewords for each SNR4g and it covers
an SNRyg range of [-5, -4.5, ... 8] with a total of 54000 codewords. Since the NVS of the test dataset
shows that the trained network is capable of generalization, the validation dataset is not able to describe
this property sufficiently. However, the validation dataset used during training does not sufficiently
describe this property. This is most likely caused by the fact that, compared to the training with only a
single SNRgp, only one third of the code words per SNRyp are now contained in the validation set. The
codewords per SNRyp in the validation sets are too small to properly represent their noise distribution.
To confirm this assumption the experiment for SNRyg [-2, 0, 2] was carried out again but with 500
codewords per SNRyp in the validation dataset.
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Figure 13: Left side: Loss and NVS for the validation dataset originally used with 140 codewords for
each SNRgg. Right side: Loss and NVS for the adapted validation dataset with 500 codewords for each
SNRgp mimicking the setup when only one SNRyg is used.

The behaviour changed as expected so for a re-run of the experiment, there should also be 500 codewords
for each SNRyp in the validation dataset to provide more meaningful NVS for the validation dataset. This
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procedure in turn slows down the training, since after each epoch the NVS has to be calculated for a three-
to sevenfold amount of code words (depending on the SNR4g range used).

The best NVS on the test dataset achieved with training on one SNRyg is 0.49 while the best NVS
achieved through SNRgyp combinations is 0.487. The hypothesis is therefore not true. However if the
single SNRyg NVS is compared with the worst SNRyg combination NVS of 0.546 and the best SNRyp
combination NVS of 0.487 one can see that training with only one SNRyp leads to an only slightly worse
outcome than the best SNRyg combination. From 32 tested combinations 17 performed worse, six equal
and nine better than a single SNRyg. Training on a combination leads to better results but finding the right
combination takes some time and experiments. If one does not have the time to go over all combinations
training with only one SNRyp can be sufficient.

6.7 Experiment: On the Fly Training Set - Training Dataset Size

Hypothesis: ”An on the fly created training dataset using one SNRp is able to train the network better
than a fixed dataset.”

One could assume that creating noise anew for every batch would lead to a better result because the
neural network is able to train on more and different noisy codewords. Also during training the network
is exposed to more and different forms of noise. This approach is also challenging because the networks
weights will be adjusted to a different minimum every time what can prevent learning. Creating new
training data during training leads to more overhead (computing the BER of the SPA for each epochs
training data, saving and storing those BERs for NVS calculation and plotting). For 260 codewords per
epoch the difference was already 1.5 seconds per epoch. Therefore it takes longer to train with this ap-
proach. To generate a different dataset every epoch but keep the results reproducible the number of the
actual calculated epoch is given as noise seed for the training dataset creation.

Fixed training parameters:
¢ all-zero-codeword
* SNR 2
* batch size 65
* fnn structure
¢ 2000 training epochs
Fixed validation set parameters:

¢ 500 random codewords

« SNR 2
CWI/E]| loss train loss validation | NVS train | NVS validation | NVS test S5
260 0.084 0.085 0.449 0.446 0.49
520 0.107 0.086 0.522 0.45 0.488
1040 | 0.088 0.085 0.515 0.446 0.487
2080 | 0.077 0.085 0.454 0.427 0.487
5200 | 0.084 0.086 0.443 0.458 0.486

As anticipated the OTF training datasets loss and NVS fluctuate a lot more than the loss and NVS of the
fixed dataset. This behaviour can be explained by the fact that the NND on an OTF dataset is striving to
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Figure 14: Loss and NVS for OTF training data set with 260 CW/E.
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Figure 15: Comparison of the validation losses during training on OTF dataset.

a different minimum in every batch in every epoch. While the training dataset is created anew for each
epoch, the validation dataset stays the same during training. So it is possible to compare the performance
of the networks during training based on the validation datasets loss.

When comparing this experiments loss with the training dataset size experiment, it is remarkable that
the loss in the training dataset size experiment becomes smaller the higher the number of CW/E is (from
0.121 to 0.094) while all losses in this experiment are either 0.085 or 0.086. Since the loss is related to
the number of errors made during decoding, a low loss is an indicator of a good performance. The same
is true for a low NVS. With a NVS of 0.49 on the test set especially the network trained with 260 OTF
generated CW/E clearly outperforms the network trained on 260 fixed CW/E which only achieves a NVS
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of 0.566 on the test dataset (see [subsection 6.3). Both experiments do not share the same batch size but
as the experiment on batch size showed, this hyper-parameter is not a crucial one which makes it valid
to compare the results.

One could assume now that the more epochs the network is trained with an OTF dataset the better the
metrics are. If looking more closely at the plots of the training process focusing on the loss of the
validation set in [fig. T5] it is noticeable that the loss does only mildly change after about 200 epochs.
This indicates that the network has converged. One can also observe an overfitting to the training dataset
which is especially noticeable for training datasets with more than thousand codewords in them. When
one compares the development of training and validation loss in other experiments it is evident that a
converging validation loss goes hand in hand with a converging training loss. This strongly indicates that
it would be possible to train the network for more epochs on OTF generated data because the training
loss keeps fluctuating, but it is not necessary to do so because the network already learned its parameters.
The OTF trained network does not need more epochs as it already outperforms networks trained on a
fixed dataset. The experiment could thus confirm the hypothesis.

Comparing testset BER of SPA and trained NN
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Figure 16: Comparing BERs of OTF dataset trained networks on test dataset S5 for different training
dataset sizes.

When the training data is generated on the fly the concept of epoch becomes obsolete. Epoch describes
no longer that the whole training data set has been seen once. It seems that it is more important to count
the number of batches seen as well as the batch size. All tough the batch size was not essential for
training on a fixed dataset it might be possible to be of importance for OTF generated training data.

6.8 Experiment: On the Fly Training Set - Batch Size

Hypothesis: ”A bigger batch size in combination with an OTF training dataset leads to better trained
network results.”

One would assume that the weight update step after a big batch is more likely to show a tendency towards
the minimum of the loss function than after a small batch.

Fixed training parameters:

¢ all-zero-codeword
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SNR 2

¢ fnn structure

2000 training epochs
4096 CW/E

Fixed validation set parameters:

¢ 500 random codewords

* SNR2
SNRgg | loss train | loss val. | NVS train | NVS val. | NVS test S5 | NVS test S4
16 0.085 0.083 0414 0.427 0.487 0.486
32 0.083 0.085 0.435 0.442 0.487 0.486
64 0.083 0.084 0.449 0.427 0.486 0.485
128 0.087 0.086 0.413 0.45 0.486 0.487
256 0.083 0.085 0.429 0.446 0.487 0.486
512 0.082 0.085 0.442 0.442 0.487 0.487
1024 | 0.087 0.085 0.444 0.446 0.487 0.487

Since it was up to the seed of the test set which network performed better in the last batch size experiment,
the results of this experiment will be evaluated also on the second test dataset S4. The NVS on both test
sets was not able to proof the hypothesis of a bigger batch size leading to a better result. It again seems
like the batch size does not matter much. However, it is interesting to observe that on both test sets, BS
64 delivers the best NVS.

Comparing testset BER of SPA and trained NN
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Figure 17: Comparing BERs of OTF dataset trained networks on test dataset S5 for different batch sizes.

When comparing [fig. 16| and [fig. 17| and Plot B, it is noticeable that both different dataset sizes and
different batch sizes lead to an exceedingly similar result. Only in the SNRg4p range [5, ..., 6.5] are there
minimal deviations.
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6.9 Experiment: Feed Forward (FNN) versus Recurrent Neural Network (RNN)

Hypothesis: “Training with a feed forward architecture leads to a better result than a recurrent neural
network structure.”

Argawal points out that the neural network has the same connections for each iteration, so it is advan-
tageous to share the learnable parameters to reduce the number of learn-able paramters and speed up
training convergance.[cf. Agrl7, p. 39] To achieve a RNN architecture the same W,,¢n2044 1S used ev-
ery second layer. On a bigger example than the one used in this thesis, sharing the weight matrix is
an advantage of RNN because it requires less memory to store the model, since it always requires only
four weight matrices, regardless of the number of iterations. While a feed forward architecture for this
thesis’ example has 48 learnable parameters, the recurrent architecture only has the 12 weights from a
single Wevenz,,ddFEI For this minimal example using a FNN architecture should be the better choice. Not
only does it allow the parameters to be learned independently for each iteration, also its higher degree of
freedom will be able to adjust the network precisely.

Fixed training parameters:
* all-zero-codeword only
* SNR2
* batch size 64
* 4096 CW/E
* 750 training epochs
Fixed validation set parameters:

¢ 500 all-zero-codewords

e SNR 2

Structure| CW/E loss train | loss validation | NVS train | NVS validation | NVS test S5
FNN 256 0.073 0.091 0.353 0.454 0.508
RNN 256 0.088 0.088 0.405 0.485 0.51
FNN 512 0.079 0.09 0.424 0.462 0.498
RNN 512 0.086 0.087 0.469 0.458 0.497
FNN 1024 0.093 0.086 0.46 0.45 0.496
RNN 1024 0.1 0.087 0.491 0.45 0.498
FNN 2048 0.087 0.085 0.455 0.465 0.494
RNN 2048 0.092 0.086 0.476 0.454 0.498
FNN 4096 0.083 0.083 0.436 0.438 0.492
RNN 4096 0.089 0.086 0.461 0.446 0.498

One can see that the RNN architecture converges faster during training than the FNN architecture. In
the case of 256 CW/E, RNN architecture holds a loss of ~ 0.0876 for the penultimate 152 epochs, and a
loss of ~ 0.0875 for the last 144 epochs while the loss for FNN architecture only remains the same for
less than 10 epochs. Looking at the NVS and the BER achieved on the test dataset S5, it is noticeble that

26T find out if more trainable parameters could improve the performance of the RNN architecture, a run was started for all
CW/E where weights of W;,044 and Weye,00, Were trainable. This led to a degradation of the NVS on the test data set which
indicates that more trainable parameters are not helpful at this point.
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Figure 18: Comparing losses during training on RNN and FNN architecture.

the FNN slightly outperforms the RNN. The difference between FNN and RNN becomes more apparent
with the two largest training datasets of 4096 CW/E. One can see from the loss that the RNN converges
after only a few epochs, while the curve describing the loss under the FNN architecture elongates further.
The NVS makes it clear how finely the FNN architecture can be adjusted. The NVS of the validation data
set of the FNN network keeps changing slightly up to epoch 500. The NVS of the RNN network, on the
other hand, fluctuates only up to epoch 100, after which there are only two changes that are noticeable.

Although larger differences in performance was expected, the hpyothesis can still be confirmed.
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Figure 19: Loss and NVS for a FNN where the biggest dataset of 4096 CW/E was used during training.

0

100

200

300 400 500 600 700

Number of epochs




51

Losses Normalized Validation Scores
4096 CW/E, BS 64,
4096 CW/E, BS 64, L
train S/NR 21 train SNR [2],
RNN architecture, fixéd dataset 0 RNN architecture, fixed dataset
. 1.
0.30 .
—— Training Loss —_— Tra.mlnig NVS
—— Validation Loss —— Validation NVS

0.25 1 o
208
[=}
51
(%]

0.20 1 _5
2 0.6
o

g =
S 0.151 S .

T o4
N

0.10 =
£
202

0.05 A

0.00 T T T T T T T T 0.0 T T T T T T T T

0 100 200 300 400 500 600 700 0 100 200 300 400 500 600 700
Number of epochs Number of epochs

Figure 20: Loss and NVS for a RNN where the biggest dataset of 4096 CW/E was used during training.

7 Conclusion

The problem of decoding noisy messages is based on communication models like the one introduced by
Shannon in ”A Mathematical Theory of Communication” in 1948. [Sha48|] By using a neural network
for decoding, the model based approach is replaced by another technology. How can decoding benefit
from this new technology? The major drawback to SPA is that circles in the Tanner graph negatively
affect the flow of information (see [subsection 3.3).

The experiments conducted have shown that the use of a neural network leads to better decoding by
lowering the BER especially in higher signal-to-noise ratios, indicating the reduction of adverse effects
of cycles. As described in the performance can be measured by comparing the achieved
BER on different SNRygs. The trained network reaching a similar BER as SPA but at a lower SNRyp
shows that it can handle more noise. As a proxy, the trained network from experiment
with 260 CW/E is used. Comparing the BERs per SNRyp on the test dataset S5, SPA achieves a BER of
0.022 at SNRgp 6.5 while the NND achieves a BER of 0. The NND achieves a BER of 0.023 comparable
to the SPA at an SNRyp of 2.5. This corresponds to an SNRyp increase of 4 dB. As expected, a bigger
training dataset resulted in a well trained network.

One goal of this thesis is to review parts of Agrawals thesis by putting the experiments outcome in relation
to statements made there. Training with the all-zero codeword leads to results different from training with
random codewords even if the same noise is used in both datasets. Even though both approaches produce
good results one can not state that ”[t]he performance of the decoder does not depend on the exact values
of the transmitted bits, but what matters is how the channel induces patterns of errors to the transmitted
signal.” [Agr17, p. 47] For the example used in this thesis, batch size does not seem to play a significant
role on either a fixed or OTF training dataset. Furthermore, no linear dependency between code size and
batch size could be found. It is assumed that this behaviour changes for a large codes with more trainable
parameters. When it comes to the SNRyp it was not possible to find a single SNRyp that outperformed a
combination of multiple SNRgg. Only Agrawals statement that ’the optimal choice of the training SNR
value lies somewhere in the range of -2 dB and 4 dB” could be confirmed.[|Agr17, p. 49] Both SNRyg
2 and SNRyp 3 lead to the best NVS on the test dataset independent form the used seed. The OTF
generated training dataset was especially beneficial when the number of CW/E was smaller than 5200.
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Using an OTF data set, as Agrawal suggests, can thus only be encouraged. An interesting finding from
this experiment is that the network trained on the OTF training data set converges after only 200 epochs.
This makes it unnecessary to run the training for additional epochs even though the training data set loss
still varies widely. In contrast to Agrawal’s tests, which use an RNN architecture, an FNN architecture
was predominantly chosen in the experiments of this thesis. Argrawal’s assumption that smaller codes
benefit from an FNN architecture is illustrated in the last experiment.[cf. |Agrl7, p. 58] For the petite
example used in this thesis, the FNN architecture is clearly the better choice.

Another goal of this thesis is to improve what already exists and to introduce innovations. For this
purpose, an implementation of the algorithm was developed using the Pytorch library. The code is
made available to the public, which was not possible for Agrawal’s implementation. The NVS has been
further developed in such a way that it now covers cases where the BER achieved by SPA is zero (see
[subsection 6.1I). A typing error in the activation function formula for odd layers has been found in
Agrawals thesis and has been corrected for the use in this thesis (see [subsection 4.3). Since the use
of combinations of multiple SNRyps has not been well explored yet, particularly detailed experiments
were conducted in this area (see [subsection 6.6)). It was possible to dismiss certain SNRqg combinations.
Finally, a new method was presented to adequately monitor the training process on an OTF data set
(see [subsection 6.7). The metric needs to be independent from the training dataset loss to determine
convergence, as the loss varies greatly on an OTF dataset. The experience gained from all the experiments
performed, shows that for a sufficiently large dataset, test set loss and validation dataset loss behave
similarly. This knowledge was used to provide an easy to adapt solution by determining the convergence
of the neural network based on the validation dataset loss.

During all experiments, the performance of the trained network was consistently better than that of the
SPA. What are possible disadvantages of using a network instead of SPA? The NND is designed and
trained for a fixed number of iterations in SPA. Decoding with the Sum-Product algorithm alone is more
flexible as it works with any given number of iterations as input. On tree-structured Tanner graphs the
NND can perform as good as SPA, but it’s not possible to perform better. [cf.[Agrl7, p. 55] A further
interesting point for experiments would be the systematic comparison of SPA and the neural network,
where SPA finds optimal conditions such that the Tanner graph is a tree. In this experimental set-up
it would be possible to measure how stable the training methodology is by checking how close the
trained network comes to the optimum. Codes in real life do come with circles I am therefore convinced
that it is beneficial to use a trained neural network instead of SPA because this approach is a potential
improvement.



53

8 Repositories

8.1 Implementation

The implementation of the neural network, checkpoints produced during experiments and evaluation
Jupyter Notebook can be found on github.

https://github.com/ccc-frankfurt/spa-nnd

8.2 References

https://github.com/facebookresearch/HyperNetworkDecoder

Veeresh Taranalli, CommPy: Digital Communication with Python, version 0.3.0. Available at https:
//github.com/veeresht/CommPy, 2015


https://github.com/ccc-frankfurt/spa-nnd
https://github.com/facebookresearch/HyperNetworkDecoder
https://github.com/veeresht/CommPy
https://github.com/veeresht/CommPy
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