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Learning Joint Synchronization, Equalization, and Decoding in Short Packet Com-
munications
XI ZHANG
Department of Electrical Engineering
Chalmers University of Technology

Abstract
The rapid evolution of cellular communication technologies necessitates improve-
ments to support emerging applications like autonomous driving and remote medical
surgery. Ultra-Reliable Low Latency Communications (URLLC), a key scenario in
5G, demands stringent latency and reliability, with even more rigorous requirements
expected in 6G. Traditional communication systems using dedicated preambles for
detection, synchronization, and channel estimation is suboptimal for short packet
transmissions, highlighting the need for innovative approaches.

This thesis investigates the potential of deep learning (DL) techniques in enhancing
short packet communications. By designing an autoencoder-based joint synchroniza-
tion, equalization, and decoding scheme, the system jointly learns the transmitter
and receiver end-to-end for the tasks of synchronization, equalization, and decod-
ing without relying on a dedicated preamble. The objectives include developing an
autoencoder-based communication scheme, extending it for joint equalization and
decoding, and proposing a joint synchronization, equalization, and decoding scheme
under block fading waveform channels.

The findings demonstrate that an end-to-end learning approach using a convolu-
tional neural network-autoencoder (CNN-AE) improves spectral efficiency and re-
duces overhead in short packet communications while maintaining system reliabil-
ity. The proposed system, without using dedicated preambles, outperforms the
nonasymptotic achievability bound for pilot-assisted transmission systems in terms
of block error rate (BLER) at high signal-to-noise ratios (SNRs). This highlights
the potential of DL techniques in addressing the challenges of short packet commu-
nications in future wireless networks.

Keywords: Short packet communications, Deep learning, Autoencoders, Joint syn-
chronization and decoding.
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1
Introduction

1.1 Background

Cellular communication technologies are going through a revolutionary improve-
ment every ten years to support increasing demands of applications, from phone
call to videostream and then to the Internet of Things (IoT). The fifth generation
(5G) has been commercially deployed and supports various emerging applications
like autonomous driving [1], remote medical surgery [2], and intelligent transport
systems [3].

Ultra-reliable low latency communications (URLLC), identified as one of the key
usage scenarios in 5G, plays an essential role in providing stringent latency and reli-
ability guarantees for mission-critical applications. The 3rd generation partnership
project (3GPP) defines that URLLC is expected to provide 99.999% reliability for a
single transmission of short packet with an end-to-end latency of less than 1 ms [4].
In 6G, URLLC will enable even more demanding applications, such as tactile inter-
net and augmented reality, with the requirement of even lower latency (25 µs --1 ms)
and lower block error rate (BLER) (10−5 --10−7) [5].

In URLLC applications, the transmitted messages are rather small. To satisfy such
challenging requirements of short packet transmissions, new technical enablers need
to be adopted for latency reduction and reliability enhancement [6]. In conventional
communication systems, a dedicated preamble is added to the data packet to per-
form detection, synchronization, and channel estimation. However, in short-packet
communications, such preamble-based transmission might be suboptimal due the
limited size of the data packet [7], [8].

From an information-theoretic perspective, the results in [8] demonstrate that for a
binary-input additive white Gaussian noise (AWGN) channel, performing detection
using a dedicated preamble is highly suboptimal in the short-packet regime, even
when the length of preamble is optimized. Instead, joint detection and decoding,
where the receiver detects the information packet without relying on a dedicated
preamble, yields significant gains in terms of the maximum coding rate over the
preamble-based detection scheme. Naturally, this leads to the questions: how can
we perform joint detection and decoding in practice? How does the performance
compare to the theoretical bounds for preamble-based scheme?
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1. Introduction

Machine learning (ML) techniques are expected to be essential to assist in design-
ing future communication networks. Traditional communication systems divide the
transmitter and receiver into different processing blocks and rely on specific channel
and system modeling assumptions, that enable tractable mathematically analysis.
However, emerging complex communication scenarios are difficult to describe with
tractable mathematical models. In this case, machine learning techniques can di-
rectly learn and optimize from data and are not constrained by modeling assump-
tions [9].

In recent years, end-to-end learning of communications systems has become a promis-
ing concept to improve the reliability of block-based transmissions [10]. Different
from conventional communications systems, this approach represents transmitter
and receiver as one deep neural network (NN) that is optimized for an end-to-end
performance metric. This can be achieved by interpreting the whole system as an au-
toencoder which is trained in a supervised manner using stochastic gradient descent
(SGD). Such an autoencoder-based system breaks up restrictions in conventional
block based signal processing and has shown great benefits in terms of reliability
[11], [12]. In [13], Turbo autoencoder (TurboAE) is introduced. It outperforms
the state-of-art codes under the AWGN channel model in terms of bit error rate.
The authors of [14] propose a convolutional neural network autoencoder (CNN-AE)
which approaches the theoretical maximum achievable rate over the AWGN channel.

In this thesis, we investigate the potential of applying deep learning (DL) techniques
in short packet transmissions. We focus on designing an autoencoder-based joint
synchronization, equalization, and decoding scheme. We aim to compare the end-
to-end performance with the theoretical bound for the pilot-assisted transmission
system.

1.2 Objectives

During the thesis, we aim to:

• Design a DL-based communication scheme for short packets, and investigate
its performance compared with achievability bounds and state-of-art channel
codes under an AWGN channel.

• Extend the DL-based scheme to handle both equalization and decoding, then
compare the scheme’s performance with an achievability bound under a block
fading channel.

• Propose a DL-based joint synchronization, equalization, and decoding scheme,
and compare both the synchronization and decoding performance with an
achievability bound for pilot-assisted transmission scheme under a block fading
waveform channel with imperfect synchronization.

2



1. Introduction

1.3 Limitations
The work primarily focuses on the simulations for deep learning applications in
physical layer of communication systems. Consequently, hardware implementations
have not been considered. Modern communication systems mainly use application-
specific integrated circuit (ASIC) and field-programmable gate array (FPGA), while
neural networks need to be processed on central processing units (CPUs) and graph-
ics processing units (GPUs). The performance of NN-based systems is limited by
the computation and memory capabilities of the hardware.

Another limitation is that practical channels have not been considered in this thesis
work. End-to-end learning communications systems require a differentiable channel
model, so that gradients can be backpropagated through the channel. However, in
practice, the channel is generally a black box, where only inputs and outputs can be
observed. Several works have been done for solving this problem in [11], [15], but
they are not covered in this thesis.

1.4 Thesis Outline
The thesis is divided into five chapters. Chapter 2 briefly introduces the classical
communication system, as well as the basics of deep learning. Chapter 3 presents
the considered transmission scenario, and the proposed autoencoder-based scheme,
along with the training procedure and parameters. Chapter 4 introduces the per-
formance comparison between the proposed joint synchronization, equalization and
decoding scheme and the achievability bound for pilot-assisted transmission in the
finite block-length regime. Finally, a brief summary and discussion of the contribu-
tion is presented in Chapter 5.

1.5 Notation
We denote scalar random variables by upper case letters, such as X, and their
realizations by lower case letters, e.g., x. Bold-faced upper case letters denote ran-
dom vectors, e.g., X, and their realizations are denoted by lower case letters, e.g.,
x. The superscripts (·)T , (·)H and (·)∗ denote transposition, Hermitian transpo-
sition, and complex conjugation, respectively. We denote the set of real numbers
by R and the set of complex numbers by C. The distribution of a complex Gaus-
sian random variable with mean µ and variance σ2 is denoted by CN (µ, σ2). We
write log (·) to denote the natural logarithm. Probabilities are written as P [·] and
the expectation operation is denoted by E [·]. The notation ∥·∥ stands for the ℓ2-
norm. For two functions f(n) and g(n), the notation f (n) = O (g (n)) means that
lim supn→∞ |f (n) /g (n)| <∞.

3
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2
Theory

This chapter provide a brief introduction to the general theory of communication
systems and DL.

2.1 Classical Communication System

The objective of a communication system is to transmit information reliably from
one point to another. A classical single-input single-output (SISO) communication
system includes a transmitter, a channel, and a receiver, as illustrated in Figure 2.1.
These blocks are described as follows:

• Transmitter: Encodes a message W into a codeword x ∈ Cn and transmits
this codeword over n complex-valued channel uses. Here, W is assumed to be
drawn uniformly from the alphabet

{
1, 2, ..., 2nR

}
, where R is the transmission

rate. We consider the power constraint ∥x∥2 ≤ n.

• Channel: Adds propagation distortion to the transmitted signal, specified by
a conditional probability mass function (PMF) PY|X (y|x).

• Receiver: Constructs an estimate Ŵ of the original message W from the
noisy observation y ∈ Cn of the transmitted signal. The reliability is mea-
sured by the block error probability Pe = Pr

[
Ŵ ̸= W

]
.

The following subsections will provide a detailed explanation for each parts in the
system.

Figure 2.1: Illustration of a simple communication system.

5



2. Theory

2.1.1 Classical Transmitter

Figure 2.2 shows the basic components of a transmitter in a general communication
system. The transmitter feeds the binary representation of its message to a channel
encoder, then the coded bits are mapped to the real or complex-valued symbols
specified by a modulation format. After that, a dedicated preamble sequence (also
called pilot) is added in front of the symbols. The preamble is then used for syn-
chronization and channel estimation at the receiver. Finally, through pulse shaping,
both preamble sequence and payload are transformed into a waveform transmitted
through the channel. We next describe each component.

Figure 2.2: Block diagram of a conventional transmitter.

Channel Encoder

The objective of the channel encoder is to introduce redundancy to the transmit-
ted bit sequence so that the receiver can correct errors introduced by the channel.
Consider the encoder as a function f :

{
1, ..., 2k

}
→ X n that maps the message

m ∈
{
1, ..., 2k

}
into a codeword xn (m) = [x1 (m) , ..., xn (m)], where X = {0, 1} and

xl (m) ∈ X , l = 1, ..., n. Here, m is drawn uniformly from the message set
{
1, ..., 2k

}
,

and 2k is the number of codewords in the codebook
{
xn (1) , ..., xn

(
2k
)}

. Each mes-
sage is described using k bits, the code rate Rc is defined as Rc = k/n ≤ 1, which
represents the spectral efficiency.

By mapping 2k possible information sequences to a larger space of 2n, the dis-
tance between the valid codewords and arbitrary binary sequences increases. This
enhances the likelihood of reconstructing the correct codeword from a noisy obser-
vation. Channel codes are often referred to as forward error correction (FEC) or
error correction codes. Over the years, different types of codes have been invented,
starting with classical codes such as Hamming codes and convolutional codes, and
evolving to modern coding schemes like low-density parity-check (LDPC) codes [16],
and Turbo codes [17]. These modern codes are widely used in current communica-
tion systems due to their near Shannon limit performance.

6



2. Theory

Mapper

After the channel encoder, the mapper maps each codeword to a real or complex-
valued symbol specified by a constellation, denoted as C = {c1, ..., cM} ⊂ CM . For a
constellation with M symbols, log M denotes the number of bits per symbol. Each
symbol is defined as c = cI + jcQ, where cI represents the in-phase component and
cQ the quadrature component.

Common choices of constellation are phase shift keying (PSK) and quadrature am-
plitude modulation (QAM). A higher order constellation (larger M) allows more bits
per symbol, enhancing spectral efficiency. However, the Euclidean distance between
symbols decreases, leading to an increased error probability in symbol decoding
under the presence of noise.

Pilot Insertion

Typically, in order to synchronize the transmitted signal and estimate the channel
gain, a dedicated preamble sequence is added in front of the payload. The preamble
sequence usually has good auto-correlation properties, such as m-sequences [18] and
Zadoff-Chu preamble sequences [19].

Pulse Shaping

After mapping the coded bits to symbols of the chosen constellation, pulse shaping
filtering is usually employed to transform the symbols into the waveform, in order
to limit the bandwidth and reduce the inter-symbol interference (ISI) [20].

Consider a simple case of performing square pulse shaping on transmitted symbols.
The square pulse with normalized energy can be expressed as:

s(t) =
{ 1√

tp
, t ∈ [0, tp) ,

0, otherwise ,

where tp denotes the size of the pulses. Subsequently, the transmitted signal can be
obtained by convolving the symbols with the square pulse, i.e.,

x(t) =
ns∑

k=1
xks (t− (k − 1) tp) ,

where ns is the length of the transmitted symbols.

Square pulse shapes are not practical in nowadays communication systems as they
require large amount of bandwidth. Common choices of the pulse shapes include
sinc shapes, raised-cosine shapes, and root-raised-cosine shapes. Among them, the
root-raised-cosine shapes result in a higher spectral efficiency.

2.1.2 Classical Receiver
Figure 2.3 shows a block diagram of a conventional receiver. In this scenario, we
consider that the transmitted signal experiences fading propagation with a random

7



2. Theory

time delay, and both the transmitter and receiver have no prior knowledge of the
channel. To reconstruct the transmitted message at the receiver, the received sig-
nal needs to be processed by digital signal processing (DSP) blocks, which include
synchronization, channel estimation, and equalization.

• Synchronization: The receiver needs to synchronize the received signal by
estimating the time delay of the start of the signal within the received sequence.

• Channel estimation: Channel estimation involves estimating the charac-
teristics of the channel between the transmitter and receiver. After synchro-
nization, the receiver estimates the fading gains from the received signal to
compensate for distortions induced by channel subsequently.

• Equalization: Equalization is performed to mitigate the effects of ISI and
noise introduced by the channel, thereby recovering the transmitted symbols.

These steps can be performed in different sequences depending on the receiver de-
sign, and the depicted process does not include all possible techniques in the receiver.
In the following subsections, we will briefly review the algorithms from the literature
that implement these DSP blocks. For more detailed reviews, we refer to [21].

Figure 2.3: Block diagram of a conventional receiver, considering the task of
synchronization, equalization, and decoding.

Synchronization

In the first step, the synchronizer needs to estimate the time delay of the received
signal. The estimation of the time delay can be achieved using either pilot-assisted
or by blind methods. Here we focus on pilot-assisted estimation.

Pilot-assisted synchronization involves embedding a known pilot sequence into the
transmitted signal. Upon receiving the signal, the receiver calculates the cross-
correlation between the received signal and the pilot sequence. The peak of the
cross-correlation result indicates the presence of the pilot sequence in the received
signal; thus, the position of the peak corresponds to the estimated time delay. By
convolving the received signal with the dedicated pilot sequence and comparing the
cross-correlation results to a certain threshold, the beginning of the signal can be

8



2. Theory

identified, thus achieving synchronization of the received signal. This pilot-assisted
method is robust and widely used in practical communication systems.

Channel Estimator

When the channel state information (CSI) is unknown at the receiver, a pilot se-
quence is typically used for channel estimation. Consider a simple case where the
received signal is perfectly synchronized, the signal can be expressed as:

y(p) = Hx(p) + z(p),

where x(p) is the pilot sequence of the signal, H is the random fading gain, and z(p)

is the complex AWGN. To estimate H, we first derive expression of H as:

H =

(
x(p)

)H
y(p)

∥x(p)∥2 −

(
x(p)

)H
z(p)

∥x(p)∥2 .

Therefore, the maximum likelihood estimation (MLE) is applied as:

ĥ = arg min
h̃

∥∥∥y(p) − h̃x(p)
∥∥∥2

=

(
x(p)

)H
y(p)

∥x(p)∥2 .

Equalizer

Given the estimated channel gain from channel estimation, the equalizer works to
remove the ISI and noise effects from the channel and recover the transmitted sym-
bols. Common digital linear equalizers include zero-forcing (ZF) equalizer, minimum
mean square error (MMSE) equalizer.

Consider the following model:
y = ĥx + z,

where y is the received data signal, ĥ is the estimated channel gain, which is assumed
to be perfectly estimated ĥ = h; x is the transmitted symbols, and z is the noise
vector. The ZF equalizer fully inverses the impact of the channel. It applies the
inverse of the channel gain as:

GZF = (h∗h)−1 h∗ = h∗

|h|2
,

and then, the estimated transmitted symbol can be expressed as:

x̂ = GZFy = x + h∗

|h|2
z.

It is important to note that ZF equalizers ignore the additive noise and may amplify
noise, especially in scenarios where the channel gain is small. This can be mitigated
by using an MMSE equalizer, which minimizes the mean square error between the
output of the equalizer and the transmitted signals.

9



2. Theory

2.1.3 Channel Models and Fundamental Limits
The channel introduces distortion to the transmitted signal. In this section, we
describe two channel models considered in the thesis, and also the fundamental
limits on these channels.

AWGN Channel

AWGN channel is a commonly used channel model in communication systems. Con-
sider a discrete-time memoryless AWGN channel given by:

y = x + z,

where x is the input of the channel (i.e., the transmitted symbols) each with average
energy per symbol Es, each element in z is independent and identically distributed
and drawn from the complex Gaussian distribution with zero mean and variance
N0. The signal-to-noise ratio (SNR) is defined as:

SNR = ρ = Es

N0
.

The channel capacity, as given by Shannon’s theorem [22], is

C = log (1 + ρ) bits/channel use,

which indicates the ultimate limit of the information can be transmitted reliably
over the channel, as the code length goes to infinity.

Shannon’s channel coding theorem states the largest communication rate at which
we can transmit messages over a channel with a vanishing error probability for suf-
ficient large blocklength. This theorem proved that the maximum achievable rate
for which the error probability ε→ 0 as blocklength n→∞ is C.

However, for short packet transmissions where the blocklength is relatively small,
Shannon’s channel capacity might be a loose upper bound on the achievable coding
rate. In this scenario, finite blocklength information theory provides a more precise
characterization.

Finite Blocklength Information Theory

In finite blocklength regime, achievability bounds (e.g., random coding union bound
[23], and random coding union bound with parameter s) and converse bounds (e.g.,
metaconverse bound [23]) are provided. The achievability bound is an upper bound
on error probability indicating the performance that can be achieved by suitable
encoding and decoding schemes. In contrast, the converse bound is a lower bound
on error probability representing the performance that cannot be outperformed by
any choice of encoding and decoding schemes. The computation of both the achiev-
ability and converse bounds is difficult. Therefore, asymptotic expansions of both

10



2. Theory

bounds, such as the normal approximation [23] and the saddlepoint approximation
[24], are often used to yield numerical approximation.

The maximal coding rate R∗ (n, ϵ) is defined as the maximum rate that can be
achieved for a fixed error probability ϵ and finite blocklength n. For various channels
with capacity C, R∗ (n, ϵ) can be characterized as given in [23]:

R∗ (n, ϵ) = C −
√

V

n
Q−1 (ϵ) +O

(
log n

n

)
,

where Q−1 denotes inverse of Q-function and V is the channel dispersion defined
as V = ρ (2 + ρ) / (1 + ρ)2. The term O (log n/n) comprises higher-order terms of
order log n/n.

For large blocklength n and small block error rates ϵ, the maximal coding rate
R∗ (n, ϵ) approaches channel capacity, i.e., R∗ (n, ϵ) ≈ C. However, for short block-
length, a more precise approximation can be derived.

Consider the real-valued AWGN channel with noise variance σ2 = 1. The transmit-
ted symbols x, with blocklength n, satisfy the power constraint ∥x∥2 ≤ nρ. The
normal approximation for R∗ (n, ϵ) as given by [23] can be expressed as:

R∗ (n, ϵ) ≈ C (ρ)−
√

V (ρ)
n

Q−1 (ϵ) + log n

2n
,

where C (ρ) and V (ρ) denotes the Gaussian capacity and dispersion respectively:

C (ρ) = log (1 + ρ)

V (ρ) = ρ
(2 + ρ)
(1 + ρ)2 (log e)2 .

The converse bounds, such as meta-converse bound, and the achievability bounds,
including the Shannon cone-packing bound, κβ bound, and Gallager’s bound are
detailed in [23].

The achievability and converse bounds for the binary-input AWGN (bi-AWGN)
channel are detailed in [25]. Given the code parameters and the channel, the BLER
can be calculated by these bounds. In this thesis, we will use the achievability bound
as the benchmark to evaluated the BLER performance our proposed system.

Block-Fading Channel

A block-fading channel is shown in Figure 4.3. Consider the transmission of a
sequence of n complex-valued symbols over a SISO memoryless block-fading channel
with the number of fading blocks nb. The received symbols yi, i = 1, ..., n can be
expressed as:

11
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Figure 2.4: A simple model of block fading channel.

yi = Hjxi + zi, j = 1, ..., nb,

where Hj, j = 1, ..., nb denotes the random fading gain for the jth fading block, and
zi denotes the independent AWGN of the ith block. The coherence time is denoted
as nc. The fading is constant during a block of nc symbols and independent from
block to block. Large number of independent fading blocks increases the channel
diversity while few number of blocks increases the chance for experiencing deep fad-
ing [26].

In the context of transmission over block-fading channels, it is crucial for the trans-
mitter, receiver, or both to have knowledge of the fading coefficient H. CSI known
at the transmitter enables efficient power allocation strategies, such as waterfilling.
When CSI is available at the receiver, it facilitates the decoding. In practice, CSI at
the receiver is typically obtained by transmitting dedicated pilot sequences, which
the receiver uses to estimate the channel. CSI at the transmitter can be acquired by
feeding the channel estimates from the receiver back to the transmitter. However,
transmitting pilot sequences introduces a rate loss, and establishing a feedback link
incurs additional costs.

Two common infinite blocklength performance metrics for communication over fad-
ing channels are the ergodic capacity and the outage capacity. The ergodic capacity
represents the maximum achievable rate of reliable communication over a fading
channel, averaged over all channel states. The outage capacity, on the other hand,
characterizes the maximum transmission rate at which the probability of the instan-
taneous channel capacity falling below this rate does not exceed a specified outage
probability ϵ.

Consider the scenario where nb = 1, the outage probability for a given rate R can
be expressed as:

Pout (R) = P
[
log

(
1 + |H|2 ρ

)
< R

]
.

The outage capacity Cϵ is defined as the supremum of all rates R satisfying Pout ≤ ϵ.
It is given by:

12
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Cϵ = sup {R : Pout ≤ ϵ} .

The outage capacity Cϵ implies that, for every realization of the fading coefficient
H = h, the channel behaves like an AWGN channel with a channel gain |h|2. In this
context, communication with an arbitrarily small error probability is achievable for
sufficiently large blocklength n if and only if the rate satisfies R < log

(
1 + |h|2 ρ

)
.

However, the work by [27] highlights that the expression log
(
1 + |h|2 ρ

)
is meaning-

ful only for sufficient large blocklengths. In the same paper, the maximum coding
rate R∗ (n, ϵ) for a given blocklength n and block error probability ϵ is refined to
account for finite blocklengths and can be expressed as:

R∗ (n, ϵ) = Cϵ +O
(

log n

n

)
,

which holds regardless of whether CSI is available at the transmitter, receiver, or
both.

The normal approximation to the maximal achievable rate is also provided in [27] for
single-antenna case. Additionally, the authors of [28] derive the achievability bounds
and converse bounds on maximum coding rate over the multiple-antenna Rayleigh
block-fading channel model. Both results provide the accurate performance metrics
when blocklength is relatively small.

2.2 Deep Learning Basics
This chapter provides a brief introduction to the general theory behind deep learning
and autoencoder.

2.2.1 Neural Networks
Neural networks are adaptive statistical models capable of representing complex
functions through the composition of simple operations. Consider a feedforward
NN, which is a function f (r0; θ) : RN0 → RNL that maps an input vector r0 ∈ RN0

to an output vector rL ∈ RNL through L iterative processing steps:

rℓ = fℓ (rℓ−1; θℓ) , ℓ = {1, ..., L} ,

where L is the number of layers, and fℓ (rℓ−1; θℓ) : RNℓ−1 → RNℓ is the mapping
carried out by the ℓth layer. This mapping depends on both the output vector rℓ−1
from the previous layer and the set of parameters θ = {θ1, ..., θL}.

A commonly used layer is called dense layer, also known as fully-connected layer. It
has the form:

fℓ (rℓ−1; θℓ) = σ (Wℓrℓ−1 + bℓ) ,

13
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where Wℓ ∈ RNℓ×Nℓ−1 is the weight matrix, bℓ ∈ RNℓ is the bias vector, and σ (·) is
an activation function which introduces non-linearity of the output [29]. The set of
trainable parameters for this layer is θℓ = {Wℓ, bℓ}.

A fully-connected NN is a type of neural network where all layers are dense layers.
In the fully-connected NN, each neuron in one layer is connected to every neuron in
the subsequent layer, allowing for the efficient transmission of information through-
out the network. Another popular NN is the convolution neural network (CNN).
Compared to fully-connected NNs, CNNs are more efficient and effective for tasks
involving structured data [30].

Consider a 2D convolutional layer consisting a set of F trainable filter weights Qf ∈
Ra×b, where f = 1, ..., F and F is the depth of the layer. This layer maps an input
matrix X ∈ Rn×m to a feature map Yf ∈ Rn′×m′ according to:

Yf
i,j =

a−1∑
k=0

b−1∑
ℓ=0

Qf
a−k,b−ℓX1+s(i−1)−k,1+s(j−1)−ℓ,

where s ≥ 1 is call stride. It denotes the step size for the convolution, specified
by a positive integer. The output size can be calculated as n′ = 1 +

⌊
n+a−2

s

⌋
and

m′ = 1+
⌊

m+b−2
s

⌋
. In convolutional layers, the filter slides across an input vector with

a certain stride, tying adjacent shifts of the same weights together. Consequently,
convolutional layers reduce the model complexity compared to dense layers [9].

2.2.2 Autoencoder
An autoencoder is a unsupervised learning framework designed to learn latent repre-
sentations by minimizing the reconstruction loss of its input data [31]. An example
of an autoencoder is shown in Figure 2.5.

The network consists of two parts: an encoder function that transforms the input
data into latent representation h = f (x) and a decoder that produces a reconstruc-
tion r = g (h), where h is the latent space that describes a code used to represent
the input. Most autoencoders are undercomplete autoencoders, meaning the latent
space h has a smaller dimension than the input data x. Learning an undercom-
plete representation forces the autoencoder to capture the most essential features of
the data [32]. The learning process can be described as minimizing a loss function
L (x, g (f (x))).

2.2.3 Loss Functions
The goal of training a NN is to minimize a chosen loss function. Commonly used loss
functions include mean squared error (MSE) loss, binary cross-entropy (BCE) loss,
categorical cross-entropy (CCE) loss. The following subsection provides a review of
the BCE and CCE, which are used in this thesis.
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Figure 2.5: An autoencoder composed of two NNs.

Binary Cross-Entropy Loss

BCE loss is commonly used for binary classification tasks. It measures the perfor-
mance of a classification algorithm whose output is a probability between 0 and 1. In
a binary classification task, each class label is denoted by a scalar s ∈ {0, 1}. A NN
can be designed to output a probability q for a given input r according q = f (r; θ),
where q describes the probability of the input belonging to positive class. Here, θ
represents the trainable parameters in the NN.

Given this model and a training dataset D consisting of |D| input-output pairs, the
BCE loss is defined as:

LBCE (θ) = − 1
|D|

∑
(r,s)∈D

s log [f (r; θ)] + (1− s) log [1− f (r; θ)] ,

where f (r; θ) is the probability of the input r being in class s and 1− f (r; θ) is the
probability of the input r being in the other class 1− s.

Categorical Cross-Entropy Loss

CCE is commonly used for multi-class classification problems. In contrast to binary
classification tasks, the class label s ∈ {0, 1, ..., C − 1} where C is the number of
classes. Assume p is the probability vector associated with the true class label s.
The CCE loss can be expressed as:

LCCE (θ) = − 1
|D|

∑
(r,s)∈D

ℓCE (p, q) ,
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where ℓCE (p, q) = −∑C
c=1 pc log qc is the cross entropy, measuring the difference

between two distributions p and q. Here, qc is the predicted probability for class c
and pc is the true probability (which is 1 for the correct class and 0 otherwise).

2.2.4 Gradient-based Learning
The goal of the training algorithms is to find a good set of parameters θ that
minimize the chosen loss function. This is typically achieved by optimizing the loss
function L (θ). The problem can be expressed as:

θ∗ = arg min
θ

L (θ) ,

where θ∗ is the optimal parameters that minimize the loss function.

To solve this optimization problem, gradient-based techniques such as stochastic
gradient descent (SGD) are often used. In SGD, the parameters θ are updated
iteratively using the gradient of the loss function with respect to θ. At each iteration,

θt+1 = θt − η∇θL̃ (θt) ,

where θt denotes the parameters at iteration t, η is the learning rate, and L̃ (θt) is
an approximation of the loss function using a random mini-batch Bt of the entire
training samples D at iteration t. This mini-batch Bt ⊂ D, and it helps to reduce
the computational cost. The gradient ∇θL̃ (θt) can be efficiently calculated using
back-propagation algorithm [33].

The choice of the learning rate influences the convergence rate, a very large learning
rate might cause the algorithm to diverge, while a very low learning rate makes it
slow to converge. There are many variants of the SGD proposed to improve the
convergence [32], such as the momentum method [34], RMSProp method [35], and
Adam optimizer [36]. These optimizers adjust the learning rate during the training
based on the gradients, which helps to avoid the local minima and speeding up the
convergence.
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Autoencoder can be used to assist the design of communication systems. In this
chapter, we first introduce a simple AE-based end-to-end learning of communication
system and its training procedure. Then, we introduce the proposed CNN-AE based
joint synchronization, equalization, and decoding system.

3.1 An AE-based Communication System
Consider a simple communication system as shown in Figure 2.1. From a deep learn-
ing perspective, this system can be viewed as a particular type of autoencoder. In
this scenario, the encoder acts as the transmitter, learning a representation x of the
message W in a manner robust to the channel impairments. The decoder functions
as the receiver, attempting to recover the message from the channel observation y
with a low probability of error. This concept was initially proposed in [9], where
both the transmitter and receiver are replaced by multiple dense layers. In this
section, we introduce a CNN-AE based scheme, where the transmitter and receiver
are comprised of a set of CNN layers. The structure of the CNN-AE is based on the
model proposed in [14]. However, we adjust the parameters and number of layers
for the purposes of this thesis.

The structure of the CNN-AE is shown in Figure 3.1, where we model four blocks
(channel encoder, modulator, demodulator and channel decoder) as CNN blocks
and train them jointly in an end-to-end manner. Given an information bit sequence
u ∈ {0, 1}k of length k, the transmitter outputs n complex-valued symbols x ∈ Cn.
These symbols are then propagated through the channel, resulting in a noisy observa-
tion y ∈ Cn of the transmitted signal. The receiver takes this noisy observation and
compensates for transmission impairments to output an estimate of the transmitted
bit sequence û. The goal of the end-to-end learning is to find suitable parameters
for the AE such that the transmitter learns a signal representation that is robust to
channel impairments, while the receiver learns reliable reconstructions of the trans-
mitted bits from the channel observation. This end-to-end training ensures that the
entire communication system is optimized holistically, leading to improved perfor-
mance in terms of error rates and robustness to noise.

The CNN-AE structure is designed to mimic the blocks of a conventional communi-
cation system. Each block of the CNN-AE is represented by a set of 1-dimensional
convolutional (Conv1D) layers, where the dimensions are chosen based on the spe-
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Figure 3.1: The structure of a CNN-AE based communication system, where the
traditional transmitter and receiver is replaced by CNNs.

cific function of each block. Compared to fully connected layers, Conv1D layers offer
lower complexity and better trainability.

The detailed structure is shown in Table 3.1, we will introduce each block and train-
ing procedure in the following subsections.

Transmitter
The transmitter maps a message with k information bits to n complex-valued sym-
bols. The Enc CNN first works as a channel encoder, mapping the bit sequence into
nc coded sequence at a code rate Rcod = k/nc. Then, the Mod CNN functions as a
modulator, mapping the nc coded sequence into n complex-valued symbols with the
modulation order m = nc/n. The overall communication rate is overall R = k/n
bits per complex channel use.

For simplicity, we set l as the greatest common divisor of nc and k, thus k′ = k/l
and n′

c = nc/l. This allows us to interpret the encoding of k bits into nc coded
bits as the encoding of l sub-bits of k′ bits into l sub-codewords of n′

c bits. This
transformation enables the AE to fit different code rates easily.

• Enc CNN: We apply five Conv1D layers to function as a channel encoder.
The first four layers map the information bits into a higher dimensional space,
allowing the AE to learn an effective placement of the bit sequence. The final
layer maps the sub-codewords down to a lower dimensional space, with the
output reshaped into a matrix of size (n, m) for modulation. Convolutional
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Layer Activation Output dimensions
Enc CNN

Conv1D ELU (k,100)
Conv1D ELU (l,100)
Conv1D ELU (l,100)
Conv1D ELU (l,100)
Conv1D ELU (l,n′

c)
Reshape (n,m)

Mod CNN
Conv1D ELU (n,100)
Conv1D ELU (n,100)
Conv1D ELU (n,100)
Conv1D Linear (n,2)

Demod CNN
Conv1D ELU (n,100)
Conv1D ELU (n,100)
Conv1D ELU (n,100)
Conv1D Linear (n,m)
Reshape (l,n′

c)
Dec CNN

Conv1D ELU (l,100)
Conv1D ELU (l,100)
Conv1D ELU (l,100)
Conv1D ELU (l,100)
Conv1D Sigmoid (k,1)

Table 3.1: Parameters of the CNN-AE, each Conv1D layer is followed by a batch
normalization layer before activation to help the model converge quickly.

operations enable linear coding, while exponential linear unit (ELU) activation
functions allow potential non-linear operations as :

ELU (z) =
{

z, z > 0,
ez − 1, z ≤ 0,

The use of ELU typically speeds up the learning and reduces errors [37].

• Mod CNN: We use four Conv1D layers to modulate the n symbols, each with
m symbols. The first three layers map m symbols into a higher dimensional
space. The final layer maps each of the n modulated 100-dimensional symbols
into a 2-dimensional real-valued symbols, representing the real and imaginary
components of the transmit symbols.

• Normalization: A non-trainable normalization is added to satisfy the average
power constraint E

[
∥x∥2

]
= nρ, where ρ denotes the SNR.
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The normalized signal x is then transmitted over the channel. We assume an AWGN
channel is used, i.e., y = x + z. The noise z is an n-dimensional vector of indepen-
dent and identically distributed complex Gaussian noise with zero mean and unit
variance.

Receiver
The receiver takes the channel observation as input and attempts to estimate the
transmitted message. The demod CNN functions as a demodulator, and the Dec
CNN functions as a channel decoder. Both the demod CNN and Dec CNN are
designed in the same manner to reconstruct the transmitted message. Key compo-
nents include:

• Sigmoid activation function: The Sigmoid function takes a real value as input
and outputs a value between 0 and 1. It is expressed as:

S (z) = 1
1 + e−z

.

The Sigmoid outputs can be interpreted as the estimated posterior probabil-
ities of the bits being 0 or 1. The closer the output value is to 0, the more
likely the bits is 0, and vice versa.

• Decision: Since the output of the last layer is a posterior probability between
0 and 1, a threshold of 0.5 is applied to ensure the output is a binary vector,
representing the estimated transmitted bits.

Training procedure and parameters
We train the CNN-AE by optimizing the total BCE loss between originally trans-
mitted bit sequence u and the estimated bit sequence û at the receiver output. The
training process involves adjusting all trainable parameters in an end-to-end manner
using SGD. The detailed training procedure is outlined in Algorithm 1.

The joint training algorithm only works when the channel model is differentiable;
otherwise, the gradients cannot be backpropagated through the channel. In [11], the
authors propose an alternating training algorithm. In this approach, at each iter-
ation, the receiver is optimized while keeping the transmitter parameters θtx fixed,
and the transmitter is optimized while keeping the receiver parameters θrx fixed. By
following this procedure, the system achieves faster convergence. The details of the
alternating training method are provided in Algorithm 2.

The training parameters are listed in Table 3.2. It is important to note that while
the BCE loss function optimizes the BER, it does not directly result in optimal
BLER. In this thesis, we have chosen to optimize the BCE loss, which is sufficient
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Algorithm 1 Training Procedure for CNN-AE
Input: Number of Epoch M , Training Step T , Training SNR σ2

min, σ2
max, Training

parameter θtx, θrx
Output: θtx, θrx

for i ≤M do
for j ≤ T do

σ2 ←− generate_SNR ([σ2
min, σ2

max])
u←− generate_bits ()
x←− transmit (u; θtx)
y←− channel (x; σ2)
û←− receive (y; θrx)
LBCE ←− BCE (u, û)
θtx, θrx ←− SGD ([θtx, θrx],LBCE)

end for
end for

Algorithm 2 Alternating Training Procedure for CNN-AE
Input: Number of Epoch M , Training Step TTX,TRX, Training SNR σ2

min, σ2
max,

Training parameter θtx, θrx
Output: θtx, θrx

for i ≤M do
for j ≤ TTX do

set_trainable(θtx, θrx) = [True, False]
σ2 ←− generate_SNR ([σ2

min, σ2
max])

u←− generate_bits ()
x←− transmit (u; θtx)
y←− channel (x; σ2)
û←− receive (y)
LBCE ←− BCE (u, û)
θtx ←− SGD (θtx, LBCE)

end for
for j ≤ TRX do

set_trainable(θtx, θrx) = [False, True]
x←− transmit (u; θtx)
y←− channel (x; σ2)
û←− receive (y; θrx)
LBCE ←− BCE (u, û; θrx)
θtx, θrx ←− SGD ([θtx, θrx],LBCE)

end for
end for

21



3. Methods

Parameter Value
Loss BCE
Epoch 100
Batch size 500
Training vectors 106

Optimizer Adam
Learning rate 0.001

Table 3.2: Hyperparameters for the training of CNN-AE under the AWGN
channel.

for achieving the BLER performance necessary for our comparative analysis. It is
worth mentioning that in [38], several alternative loss functions are proposed that
aim for BLER-optimal decoding.

3.2 An AE-based Joint Synchronization, Equal-
ization, and Decoding System

We now move forward to consider transmitting short packets over a memoryless
block-fading waveform channel with an unknown delay. In this scenario, the re-
ceiver needs to handle the task of synchronization, equalization, and decoding. We
propose a CNN-AE-based joint synchronization, equalization, and decoding system.
Instead of relying on the dedicated pilots, the proposed system uses the holistic
message from the channel outputs to synchronize and decode the transmitted sig-
nal. This approach not only results in higher spectral efficiency but also allows for
the possibility of shorter messages compared to systems that use dedicated pilots.
The system follows the same setup in [39], but discards the use of conventional pilots.
The following subsections will provide a detailed introduction to the CNN-AE-based
scheme and its training procedure.

Transmitter
The transmitter part, depicted in Figure 3.2, consists of the trainable CNN blocks
and the non-trainable parts. At first, the Enc CNN encodes the information bits
b ∈ {0, 1}k into a coded sequence c ∈ Rnc , which is real-valued. Then the Mod
CNN maps the coded sequence c to the complex-valued symbol sequence x ∈ Cn.
In order to transmit the short message through the block fading channel with un-
known delay, we process the symbol sequence with following steps.

First, we split the symbol sequence x ∈ Cn into nb sub-sequences {xℓ}nb

ℓ=1 of length
ns

xℓ = [x1,ℓ, ..., xns,ℓ] ∈ Cns ,
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Figure 3.2: Block diagram of the transmitter part of the CNN-AE-based system
model, the blue blocks indicates the trainable parts.

Figure 3.3: Block diagram of the receiver part of the CNN-AE-based system
model.

where ℓ = 1, ..., nb, nb denotes the number of fading blocks, each sub-fading blocks
contains ns complex-valued channel uses.

Then we apply power normalization for ℓth sub packet according to

E
[
∥xℓ∥2

]
= nsρ,

where ρ denoted the SNR.

In order to form the continuous-time signal, we add pulse shaping block. Consider
using square pulse with normalized energy

stp(t) =
{ 1√

tp
, t ∈ [0, tp) ,

0, otherwise ,

where tp denotes the period of the pulse, determined by the upsampling rate N and
sampling interval ts as tp = Nts. The signal for ℓth sub packet can be expressed as:

xℓ(t) =
ns∑

k=1
xk,ℓstp (t− (k − 1) tp) .
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The continuous-time signal then can be transmitted over the fading channel with
an unknown delay. The received signal for ℓth fading block is:

Yℓ (t) = Hℓxℓ (t− τ) + Zℓ (t) ,

where Hℓ denotes the random complex gain for the ℓth fading block, following the
CN (0, 1) distribution; τ denotes the time delay, which we consider a simple case
that each sub packet experiences the same delay; τ can be treated as uniform dis-
tributed in [0, τmax]; Z1(t), ..., Znb

(t) are independent additive white Gaussian noise
with power spectral density N0.

Receiver
The receiver structure is depicted in Figure 3.3. Unlike the previous CNN-AE scheme
designed for the AWGN channel, the proposed structure includes a Sync CNN for
synchronization, as well as a Demod CNN and Dec CNN for equalization and de-
coding. We next introduce each block in detail.

First, the Sync CNN estimates the starting position of the data signal from the
received signal Y1 (t) , ..., Ynb

(t). The length of the received signal for each sub-
packet is n′ = nstp + τmax. Since the received signal is complex-valued, it is divided
into 2 real-valued signals, corresponding to the real and imaginary parts. The Sync
CNN maps the received signal of each sub-packet into a higher dimensional space
and outputs the probability distribution of τmax possible outcomes using the softmax
activation function

softmax (τ )i = eτi∑τmax
j=1 eτj

.

Here, pτ is a τmax-dimensional probability vector with all entries between 0 and 1.
pi = softmax (τ )i represents the probability of the estimated delay τ̂ = i. The sum
of the probabilities ∑τmax

i=1 pi = 1.

Then the time delay is estimated according to τ̂ = arg max pτ . We remove the
estimated delay from each sub-packets and concatenate all sub-packets together,
resulting in a signal y(t)′ of length ntp, which is then used for equalization and
decoding.

The following CNN blocks function in an iterative fashion, as shown in Figure 3.4.
First, the EQ CNN performs equalization with inherent channel gain estimation.
The output of the EQ CNN, denoted as Ic, can be interpreted as the prior informa-
tion provided to the Dec CNN. Subsequently, the Dec CNN calculates the posterior
of the transmitted bit sequence Ib, and sends the extrinsic information Ic

′ = Ib− Ic
back to the EQ CNN that can be used as prior for equalization at next iteration.
After a sufficient number of iterations, the estimated bits can be calculated from Ib
using the sigmoid function: sigmoid(Ib).

The size of both the prior information and extrinsic information is (n, F ), where F
represents the information feature size. The number F indicates the amount of in-
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Layer Activation Output dimensions
Enc CNN

Conv1D ELU (k,200)
Conv1D ELU (k,200)
Conv1D ELU (k,200)
Conv1D ELU (k,200)
Conv1D ELU (k,⌊n/k⌋)
Reshape (n,1)

Mod CNN
Conv1D ELU (n,200)
Conv1D ELU (n,200)
Conv1D ELU (n,200)
Conv1D ELU (n,200)
Conv1D Linear (n,2)

Sync CNN
Conv1D ELU (nb,n′,100)
Conv1D ELU (nb,n′,100)
Conv1D ELU (nb,n′,100)
Conv1D ELU (nb,n′,100)
Conv1D ELU (nb,n′,1)
Flatten (nbn

′,)
Dense Softmax (τmax)

EQ CNN
Conv1D ELU (n,200)
Conv1D ELU (n,200)
Conv1D ELU (n,200)
Conv1D ELU (n,200)
Conv1D (n,F )

Dec CNN
Conv1D ELU (n,200)
Conv1D ELU (n,200)
Conv1D ELU (n,200)
Conv1D ELU (n,200)
Conv1D (n,F )

Dec CNN Last Iteration
Flatten (nF ,)
Dense Sigmoid (k,1)

Table 3.3: Parameters of the CNN-AE-based joint synchronization, equalization,
and decoding system.
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Figure 3.4: The iteration steps of the equalization and decoding at the receiver.

formation exchanged between the EQ CNN and Dec CNN per codeword. Compared
to sequential structure, the iterative process results in faster convergence.

Table 3.3 shows the structure of each layer in the system. Compared to previous
configurations, more filters are applied to each Conv1D layer to allow the system to
better capture and process the intricate patterns of the signal.

Training procedure and parameters
We train the CNN-AE by optimizing the BCE loss between the transmitted bit
sequence b and the estimated bit sequence b̂ at the receiver’s output. In parallel,
the Sync CNN outputs a prediction pτ for the time delay. The CCE is calculated
using the prediction pτ and the one-hot representation of the true delay τ . Thus,
we define the total loss as a sum of both synchronization loss and decoding loss,

L = LBCE + α · LCCE.

The hyperparameter α can be adjusted to balance the decoding and synchronization
performance of the system.

The main hyperparameters are given in Table 3.4 and the training process is shown
in Algorithm 3.
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Algorithm 3 Training Procedure for CNN-AE
Input: Number of Epoch M , Training Step T , Training SNR σ2

min, σ2
max, Training

Parameter θenc, θdec, θsync, Loss Weight α
Output: θenc, θdec, θsync

for i ≤M do
for j ≤ T do

τ ←− generate_delay ([0, τmax))
σ2 ←− generate_SNR ([σ2

min, σ2
max])

b←− generate_bits ()
x←− transmit (b; θenc)
for xi ∈ x do

xi ←− normalization (xi)
xi(t)←− pulse_shaping (xi)
yi(t)←− channel (xi(t), τ, σ2)

end for
for yi ∈ y do

pτ ←− synchronization (yi, θsync)
end for
LCCE ←− CCE (pτ , τ ; θsync)
τ̂ ←− argmax (pτ )
for yi ∈ y do

ycutoff ←− cutoff (yi, τ̂)
end for
yDEC ←− concat (ycutoff)
b̂←− decode (yDEC; θdec)
LBCE ←− BCE (b, b̂; θdec)
L←− LBCE + α · LCCE
θenc, θsync, θdec ←− SGD ([θenc, θsync, θdec], L)

end for
end for
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Parameter Value
Loss BCE,CCE
α 0.01
F 20
Decoder iteration 6
Batch size 500 - 1000
Optimizer Adam
Learning rate 10−4 - 10−5

Training SNR 2.0 - 20.0 dB

Table 3.4: Hyperparameters for the training of CNN-AE-based system.
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4
Results

In this chapter, we discuss the performance of our AE-based communication systems
described in the previous chapter. First, we consider the CNN-AE system under a
AWGN channel and a block-fading channel and compare its performance with state-
of-the-art channel codes in terms of BER and BLER. Next, we consider the proposed
CNN-AE-based joint synchronization, equalization, and decoding system, and com-
pare the synchronization and decoding performance with the achievability bound
for pilot-assisted system. The following sections provide a detailed illustration.

4.1 Performance of CNN-AE
First, we evaluate the end-to-end performance of proposed CNN-AE system as de-
scribed in Chapter 3.1. We consider transmitting k = 64 information bits within
a short packet of n = 128 channel uses over a memoryless AWGN channel and a
Rayleigh block-fading channel. The communication rate is R = k/n = 1/2 bits per
channel use.

4.1.1 Performance of CNN-AE under AWGN Channel
Figure 4.1 and 4.2 presents the simulated BER and BLER performance of following
schemes under the AWGN channel:

• Baseline system : The system employs 5G compliant LDPC codes combined
with BPSK modulation, simulated using the Sionna library [40]. An LDPC
code with a code rate Rc = 1/2 is utilized. Specifically, the code uses base
graph 2 with a lifting factor of 11. At the receiver, a boxplus-phi belief prop-
agation decoder is applied with 20 iterations for decoding.

• Proposed CNN-AE : The system adheres to the structure detailed in Table 3.1
and is trained and tested over the same range of SNRs for 106 blocks.

We also plot the normal approximation on BLER as a function of the SNRs for
R = 1/2 and n = 128 under real-valued AWGN channels. The simulation is done
with the help of SPECTRE toolbox [41].

The results demonstrate that the proposed CNN-AE scheme exhibits comparable
performance to the baseline system under the AWGN channel. At low SNRs, the
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Figure 4.1: Simulated BER under AWGN channel with k = 64, n = 128.

CNN-AE scheme outperforms the baseline system, demonstrating superior perfor-
mance in terms of both BER and BLER. Notably, the CNN-AE achieves a more
significant reduction in BER than BLER when compared to the baseline system.
However, at higher SNRs, the baseline system surpasses the CNN-AE, resulting in
a more rapid decline in both BER and BLER. Both systems show a performance
gap relative to the normal approximation for BLER. For the following performance
comparison, the focus will be on BLER comparisons instead.

4.1.2 Performance of CNN-AE under Block-fading Channel
We consider the transmission over a Rayleigh memoryless block-fading channel,
where neither the transmitter nor the receiver has any prior knowledge of the CSI.
The number of fading blocks is nb = 4, and the channel gains of each fading block
Hℓ, ℓ = 1, ..., nb are independently distributed according to a complex Gaussian dis-
tribution CN (0, 1).

Figure 4.3 illustrates the simulated BLER performance of following schemes under
the block-fading channel:

• Achievability bound : This refers to the nonasymptotic achievability bound
on maximum coding rate over Rayleigh block-fading channels, under the as-
sumption that the receiver lacks prior knowledge of the CSI. This bound is
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Figure 4.2: Simulated BLER under AWGN channel with k = 64, n = 128.

proposed in [28] and is simulated using the SPECTRE toolbox [42].

• Proposed CNN-AE : The system adheres to the structure detailed in Table 3.1
and is trained and tested over the same range of SNRs for 106 blocks.

• Baseline system : The system employs 5G compliant LDPC codes with QPSK
modulation at the transmitter and ZF equalizer at the receiver, where the CSI
is assumed to be known.

The achievability bound serves as a relatively tight benchmark on the error prob-
ability for any transmission scheme under a memoryless Rayleigh fading channel,
particularly when no CSI is available at the receiver. Compared to the baseline
system, CNN-AE exhibits better performance at higher SNRs, particularly from 11
dB onwards. It is important to note that the baseline system benefits from prior
knowledge of the CSI; hence, no pilot sequence is required, and no rate loss is in-
curred. In contrast, the CNN-AE not only maintains performance but also enhances
spectral efficiency. Nonetheless, a performance gap remains when compared to the
achievability bound. In the following section, we will evaluate the performance of
the enhanced CNN-AE structure, as detailed in Chapter 3.2, in a more complicated
scenario.
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Figure 4.3: Simulated BLER under the block-fading channel with nb = 4, k =
64, n = 128.
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Parameter Value
information bits: k 80
blocklength: n 144
number of fading blocks: nb 4
upsampling rate: N 5
maximum time delay : τmax 12

Table 4.1: Parameters for simulation.

4.2 Performance of CNN-AE-based Joint Synchro-
nization, Equalization, and Decoding System

In this section, we consider the short packet transmission over a SISO memoryless
block-fading waveform channel with an unknown delay. The benchmark is pro-
posed in [39]. The proposed CNN-AE-based joint synchronization, equalization,
and decoding scheme is detailed in Chapter 3.2. We evaluate the performance of
the proposed scheme in terms of normalized mean square error (NMSE) for delay
estimation error and BLER for decoding.

The selected parameters for the simulation are shown in Table 4.1. The transmission
rate is R = 80/144 = 0.556 bit per complex channel use. We assume the channel
gains Hℓ, ℓ = 1, ..., nb are generated independently from CN (0, 1). The time delay
τ for each sub-block is assumed to be uniformly distributed in [0, τmax].

4.2.1 Synchronization Performance
To evaluate synchronization error, we consider the metric NMSE for delay estima-
tion, which is defined as:

NMSE = E
[
(τ − τ̂)2 /t2

p

]
.

Here, tp is the period of the pulses used for pulse shaping. With the assumption
that the sampling interval is 1 second, tp coincides with the upsampling rate N .

The benchmark is a pilot-assisted system detailed in [39]. Both the benchmark and
proposed system aim to handle synchronization tasks at the receiver. While the
benchmark applies ML estimation for joint synchronization and channel estimation
using pilot assistance, the proposed CNN-AE-based system utilizes the entire re-
ceived signal for synchronization.

Figure 4.4 presents the simulated results for the benchmark and CNN-AE-based
system. It is evident that the CNN-AE-based system outperforms the ML estimation
used in the pilot-assisted scheme. This superior performance is attributed to the
CNN-AE’s ability to perform delay estimation over the entire observation of the
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Figure 4.4: Synchronization error comparison.

received signal, as opposed to the pilot-assisted scheme, which relies solely on the
pilot sequence. The CNN-AE-based system can learn latent information from the
received signal without requiring prior information, enhancing its synchronization
performance.

4.2.2 Decoding Performance
After synchronizing the received signal, the receiver needs to equalize the signal and
estimate the transmitted bit sequence. The benchmark proposed in [39] developed
an RCUs bound on error probability for pilot-assisted transmission systems. The
numerical results of the achievability bound are efficiently computed using the sad-
dlepoint approximation.

We evaluate the BLER performance for the benchmark and CNN-AE-based system
as shown in Figure 4.4. The simulated results indicate that while the CNN-AE-
based system underperforms compared to the benchmark at SNRs lower than 10 dB,
it surpasses the benchmark at higher SNRs, which are more practical operational
ranges. Specifically, the CNN-AE-based system outperforms the benchmark by 1.7
dB when the BLER is 10−3. Our proposed scheme jointly learns the channel gains
and estimates the transmitted bit sequences without relying on any known sequence
assistance. At lower SNRs, synchronization performance significantly influences
decoding performance, requiring the training process of the CNN-AE to carefully

34



4. Results

2 4 6 8 10 12 14 16 18 2010−4

10−3

10−2

10−1

100

1.7 dB

SNR (dB)

BL
ER

RCUs bound for pilot-assisted scheme
CNN-AE-based system

Figure 4.5: Achievable BLER comparison.

balance both tasks. However, at higher SNRs, synchronization performance has
minimal impact on decoding, making it easier to improve decoding performance.
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5
Conclusion

This chapter summarizes the work conducted in this thesis and outlines some po-
tential ideas for future work.

In this thesis, we applied end-to-end learning of physical-layer communications and
evaluated the performance of CNN-AE-based joint synchronization, equalization,
and decoding system under short packet communications. Unlike conventional com-
munication systems that use dedicated preambles for synchronization and equaliza-
tion, our proposed system performs joint synchronization, equalization, and decod-
ing without the use of dedicated preambles and prior information. This approach
is more suitable in URLLC scenarios as it greatly improves the spectral efficiency
and reduces the overhead in short packet regime. Compared to the nonasymptotic
achievability bound for pilot-assisted transmission systems, our proposed system
results in a lower BLER performance in the high SNR range under block-fading
waveform channels.

5.1 Future Work
While this thesis has explored the use of CNN-AE in short packet communications,
several important aspects and potential improvements merit further research:

• Exploring CNN-AE and Turbo-AE structures: While the proposed system is
based on CNN-AE, another structure called Turbo-AE also demonstrates good
performance under AWGN and fading channels [13], [43]. Turbo-AE takes
advantage of Turbo codes, utilizing interleavers and deinterleavers at both
the transmitter and receiver. Further exploration of the Turbo-AE structure
is warranted. Additionally, combining the strengths of both CNN-AE and
Turbo-AE could potentially yield a hybrid model with superior performance.

• Optimizing the training procedure: The computational complexity of the
training procedure for the proposed system is high. The selection of hyperpa-
rameters is currently based on empirical fine-tuning, which can be cumbersome
and may not generalize well to other scenarios. Future research should focus
on developing more efficient training algorithms and hyperparameter optimiza-
tion techniques. Methods such as reinforcement learning could be explored to
streamline the training process and improve the system’s adaptability to dif-
ferent conditions.
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5. Conclusion

• Extending to more practical system setup: Our proposed system considers
the case where all fading blocks are synchronous, experiencing the same time
delay. A more complex scenario involves different fading blocks experiencing
different random time delays, which has also been evaluated in our benchmark
[39]. In such cases, the synchronization component of our proposed system
should be updated.

By addressing these aspects, we can further improve the performance and applica-
bility of CNN-AE-based joint synchronization, equalization, and decoding system in
short packet communications.
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