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Abstract:In this paper, the application of Deep Learning (DL) in the field
of telecommunications is discussed, focusing specifically on symbol
detection at the receiver. The performance of Deep Learning-based
detection is examined for phase shift keying modulation over Additive
White Gaussian Noise (AWGN) and Rayleigh channels. First, a model is
proposed which shows that the theoretical bit error rate and throughput can
be achieved using DL techniques. Then, the effects of different DL model
parameters on the model performance are investigated. The DL model for
symbol detection with tuned and minimized parameter set is examined from
various aspects and it is shown that this improved version can achieve the
desired results with much less complexity of the realization.
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1. INTRODUCTION
In recent years DL has become one of the most popular and efficient machine
learning methods [1], [2]. Details on DL can be found in [3], written by the pioneers
of the field. Considering its performance and continuously extending possibilities, it
can be stated without exaggeration that, in the near future, it will take its place as
one of the major driving technologies in many areas of our lives. Resources point
out that it will have the effect of the industrial revolution that happened a long time
ago [3]. DL can be applied in various fields to solve complex problems that are very
hard to model mathematically. In most recent years, it has also proved to be very
useful for communication systems (CS) engineering applications. Even though there
are a number of applications related to the higher levels of the OSI reference model,
DL has not yet manifested its full potential in issues related to the physical (PHY)
layer of electronic CS [4–7]. According to [8], DL has no commercialized
application for the PHY layer. A reason for this might be the historically motivated
resistive behavior of the telecommunication industry. Other reasons include cost
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considerations in adopting a new technology but the most important reason comes
from the fact that there exist no telecommunication specific DL models developed
in an optimized manner addressing the issues at the PHY layer. This has motivated
the work in this paper aiming to research DL application in the detection process and
propose a specific optimized DL model for signal detection in modern CS.
2. RELATED WORK
The literature survey indicates that even though the use of Neural Networks
(NN) in communication systems is quite old [9], it does not exactly include DL
specifically, a major player that has changed machine learning (ML) drastically
nowadays becoming one of its major pillars. Hence, most of the recent studies focus
especially on the use of DL in various aspects and layers of CS design and operation.
DL can be used for coding-decoding, channel estimation and equalization, resource
allocation, signal and modulation recognition, end-to-end communication system,
demodulation, etc. In [8], an autoencoder is proposed that combines the functions
of all units of a traditional communication system in one entity and shows that the
autoencoder can achieve the coded-BPSK (Binary Phase Shift Keying) throughput
in an end-to-end manner with better BER(Bit Error Rate) throughput in the higher
signal to noise ratio (SNR) range. In [10], the autoencoder concept is applied to a
MIMO system that introduces a new paradigm in terms of optimization, combining
many important communication blocks such as coding, decoding and feed-back in
one entity. An example of a practical implementation of the autoencoder is provided
in [11]. Article [12] examines symbol detection in MIMO systems with DL and
claims nearly optimal detection in real time. To reduce the complexity and to handle
both detection and channel coding, [13] offers a new DL model that delivers
remarkable performance improvement for decoding compared to conventional
MIMO. More references related to the application of DL for different functional
layers can be found in [14–20]. However, these works do not consider signal
detection for individual modulation schemes and their performance related to the
specific DL system parameters. This work considers the limited, even though very
important case for PSK, used in many existing communications systems especially
for control signaling (i.e BPSK). The main contributions are:
 To show that using DL symbol detection can achieve the max theoretical
throughput under AWGN and Rayleigh channels.
 To examine DL model parameters in detail and study their effects on the
system performance in order to obtain a practically optimized DL- based
model for symbol decoding.
From here on the paper is organized as follows: first the basics of DL are briefly
reviewed and the proposed DL model is discussed followed by receiver throughput
estimation for AWGN and Rayleigh fading channels and comparison to the
theoretically achievable throughput in sec. 3. Sec. 4 examines the DL model
parameters and their effects on BER. Finally, the optimized model with the least
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complexity is experimentally obtained and it is shown that it can achieve acceptable
BER performance with much reduced complexity.
3. DEEP LEARNING BASED DETECTION
3.1. Deep learning foundation
A NN is composed of layers and neurons. A neuron does a simple calculation
on given input features by multiplying them with arbitrary generated very small
numbers. The final output of a neuron is estimated with an activation function
where
and b are weight vector and bias respectively. In order to
achieve the power of non-linear output estimation, the activation function,
is
generally non-linear, as the examples given in Table.1. The stack of neurons
considered column-wise is called a layer. When the number of layers is increased
the NN structure becomes a Deep Neural Network (DNN). The process of training
such a network is known as Deep Learning. The learning may be supervised or
unsupervised. In this study only supervised learning is considered, for which the NN
model is provided the input features and ground truth output for those features.
Except the input features x and the output y, the middle features are unknown and
set by the network itself which is known as end-to-end learning. The model must be
provided with enough training examples to complete the learning, i.e
It
allows finding the best multiplying factors to the input features (vector) to calculate
the desired output y. The computation of a neuron for the input features vector x is
given as
where w is a weighing vector and b is constant, hence a layer
computation is given as
where is a matrix, b is a vector. Z is a vector
transformed by the activation function and applied to the next layer. W and b are
randomly initialized to small numbers, using the normal distribution. The last layer
may have one or more neurons and for binary classification it has a single neuron.
The NN is realizing the mapping of Ni dimensions of the input to N0 dimensions of
output given as
in general. The calculated output is used in a cost
function which can be maximized by using different algorithms. For example, in
binary classification the logistic regression log likelihood given in Eq. (1) is used.
(1)
In Eq. (1), m and L represent the number of training examples and the layers
respectively. More on Deep Learning, including multinomial classification can be
found in [3].
Table 1. The most common activation functions.
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3.2. Symbol Detection
One of the most popular digital modulations is binary phase shift keying (BPSK)
in which data is conveyed by changing the phase of a constant frequency of the
carrier wave. It is also known as 2 -PSK. Digital information in the form of zeros
and ones is generally realized using
and
for 0 and 1 respectively. BPSK signals are one-dimensional
and can be represented in one dimensional signal space with
The
received signal is given as
where n stands for the AWGN noise
component with zero mean and variance
If
the receiver decides
that a “1” is transmitted and if
it decides that a “0” is transmitted. Given that
the probability density function of noise is
the
probability of error when s1 is transmitted is
and the
probability of error when s0 is transmitted is
Assuming
that s1 and s1 are equally likely probable, the total probability of error is
In the case of Rayleigh channel, the received symbol is
, where h is a Rayleigh random variable and has probability density
function given as
. At the receiver-end the estimation is
done based on
The bit error rate (BER) is changed due to
the change in the effective bit-energy-to-noise ratio. The instant bit-energy-to-noise
ratio is given as
and the BER becomes
where
for instant values of h. The average BER is calculated by
evaluating it over the pdf of γ that has a chi-square distribution given as
The average BER is calculated using Eq. 2:
(2)
The 4-PSK is a two-dimensional signal. Considering that
is the
alphabet used for symbol creation in the given signal space, the transmitted symbols
may be given as
and
where
is the energy normalizing factor. The received symbol
is given as
where n is AWGN noise component with zero mean and
variance equal to
. The conditional probability distribution function
(pdf) of y, given sn is transmitted, is
The error
probability for each symbol can be given in terms of receiving a symbol correctly as
. Considering that all the symbols are equally likely transmitted,
receiving a symbol correctly is given as
symbol s2 correctly is given as

.

For example, the reception of
where
stands
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for the real and imaginary part respectively.
as:
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can be given

(3)
and
(4)
Solving,

the probability of error can be found as:
(5)

4. MODEL IMPLEMENTATION
4.1. Implementation Procedure
In this section, the proposed model and its implementation in DL is presented.
First the procedure is outlined in general, followed by the details of the proposed
solution. The steps in creating and training a DL model are summarized in Fig.1:
1. Loading the input data: The data is stored in a 2D-array where 1st and 2nd
dimensions represent rows and columns respectively. The first two columns, holding
the received data, are separated to be used as input to the model and the last column,
holding the corresponding ground-truth symbols is used as output.
2. Definition of the model: In the second step, a sequential model is created by
adding fully connected layers one after other, making sure the input layer has two
inputs while the output has two and four outputs depending on the type of modulation
used. The number of neurons, the activation functions, and the drop-out factor (used
to deactivate some neurons randomly to overcome overfitting) are set.
3. Compiling of the model: In this step, the weights, appropriate lost argument
(i.e. binary cross entropy etc.) and optimizer are chosen. The optimizer, "adam", a
popular version of gradient descent, has been selected as it automatically tunes itself
and gives good results in a wide range of problems, as explained in [21].
4. Fitting of the model: The execution of the model for a certain number of
epochs and batches that can be later set up to get the model to converge.
5. Evaluation of the model: The performance of the model is tested on a new
dataset and loss and accuracy of the model are calculated.
6. Prediction solution. When a reasonable accuracy is obtained, the weights of
the model are kept to be used in the prediction of the symbols.
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Figure 1. Model training, testing and prediction
For this study, the general steps provided above are customized and the labeled
data is created first. Secondly, the various models created are trained. Finally the
trained models are tested on different data not seen by the model in training. The
case of BPSK detection, where the received symbols can take only two different
values, is considered as a binary classification problem. The transmitted symbols are
“1”and “-1” for bit “1” and “0” respectively. The received symbols can take any
value on a two-dimensional vector space due to the additive Gaussian noise.
First, we show that an arbitrary model can achieve the theoretical upper bound
of bit error rate given in Eq. (5). The results of this experiment are given in Fig.2
compared with the theoretically calculated throughput. They clearly show that the
obtained BER for BPSK and 4-PSK, assuming the channel is either AWGN or
Rayleigh, with the proposed non-optimized DL model exactly match the theoretical
bit error rate for both channels.
4.2. Optimizing the model
The second goal of this work is to optimize the proposed model. The aim of the
optimization is to create a model that achieves high throughput in terms of BER with
less complexity of the NN structure. This, in return, reduces hardware cost, training
time and warranty normal-fitted model (not over nor under trained). In general, a NN
depends on a large number of parameters that need to be tuned for reducing the cost
and complexity if possible, without sacrificing the system performance. In this
section the performance of NN with respect to some parameters of the model will be
examined in detail. The following parameters are taken into consideration: activation
function, number of layers, number of neurons per a layer, and neuron distribution
to the hidden layers.
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Figure 2. BER of DL detection in comparison to the ideal throughput
First, the effect of the number of neurons in the hidden layers on the output
performance are examined. The high number of neurons is a parameter that should
be treated with caution as it extends the training period and can cause over-fitting.
The results of the simulations are presented in Fig.3. It can be seen that, when there
are 512 neurons in the hidden layers, the model achieves the exact performance of
the ideal throughput. When the number of neurons is reduced to 256, the model still
produces a very good result, but when the number is reduced further to 128 neurons,
the model shows an acceptable performance only for 4 -PSK. As a second important
parameter the distribution of neurons in the different layers is examined. Simulations
were carried out with the following distributions: (1). 48 neurons as 2,40,6 for 1 st,
2nd, 3rd layers respectively, (2). 48 neurons as 8, 8, 32 for 1st, 2nd, 3rd layers
respectively and etc. Other distributions and their throughput in terms of the bit error
rate are shown in Fig.4. It can be clearly seen that the best performance can be
achieved with a uniform distribution of neurons into the hidden layers.
One of the important hyper-parameters of the DL model is the number of epochs
considered. An epoch is defined as the time for which an entire dataset is passed both
forward and backward through the network only once. Fig.5 summarizes the results
of how the number of epochs affects the bit error rate for the case of 4-PSK. On
purpose, a simple model is chosen to keep the training process faster. The number of
epochs is increased without putting the model under over-training. As can be seen in
Fig.5, increasing the number of epochs produces better bit error rate results. By
evaluating the results, it can be advised that to stay within a well-fitting learning
regime, 64 epochs should be used.
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Figure 3. Effects of increasing number of neurons in the hidden layers on the BER
It should be noted also that the same throughput can be achieved by increasing
the number of neurons in the hidden layers which requires much less training time.
This can be explained by the fact that back-propagation is a much more timeconsuming process than forward-propagation.
5. DISCUSSION
In this work, a DL network model is proposed for solving the symbol detection
problem for the 2-PSK and 4-PSK case. The extensive simulations carried out
suggest that neural networks can handle the digital symbol detection quite well. To
reach the best possible symbol detection results for PSK, further tuning of the model
parameters is proposed and evaluation is provided considering minimizing the model
parameters to avoid waste of resources and reduce training time. Table 2 shows that
there exists a big gap between minimized and non-minimized models in terms of the
total number of parameters used for symbol detection for BPSK demodulation. This
gap gets even larger for PSK-4. We can naturally expect that a higher modulation
order will exhibit a greater gap. The tuned and optimized models also show that they
can easily achieve the ideal bit error rate throughput in the considered channels
(AWGN, Rayleigh). The optimized model given in Table 2 is the suggested model
for BPSK. In the case of 4 -PSK, the number of neurons should be set to 64.
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Figure 4. Effect of the distribution of the neurons on the BER

Figure 5. Effects of reducing the number of epochs on the BER for 4-PSK
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Table 2. Optimized vs Non-optimized model for BPSK
Non-optimized model

Optimized model

Layer

Output Shape

Dense
Dropout
Dense
Dropout
Dense
Dropout
Dense
Dropout
Dense

(None, 512)
(None, 512)
(None, 512)
(None, 512)
(None, 512)
(None, 512)
(None, 512)
(None, 512)
(None, 2)

# of
parameter
1536
0
262656
0
262656
0
262656
0
1026

# of total param.

790,530

Layer

Output Shape

Dense
Dropout
Dense
Dropout
Dense
Dropout
Dense
Dropout
Dense

(None, 16)
(None, 16)
(None, 16)
(None, 16)
(None, 16)
(None, 16)
(None, 16)
(None, 16)
(None, 2)

# of
parameter
48
0
272
0
272
0
272
0
34

# of total param.

898

The following concrete observations and suggestions for simulations are made:
a) The more neurons used in hidden layers; the better results are obtained.
b) In order to achieve acceptable performance while reducing the complexity
a minimum of 64 neurons per layer is required for the case of 4-PSK.
c) If the number of neurons is further reduced, the same performance can be
achieved by increasing the number of epochs leading to increased training time.
d) Uniform distribution of neurons for the hidden layers achieves better
throughput so the detection model should have even distribution of neurons.
e) Better performance for higher modulation order is obtained by increasing
the number of hidden layers and it also requires more training data.
Our simulation results show that finetuning of the designed DL model is a
very important issue, which is also confirmed [11]. DL in general allows creating
models for CS that can learn to communicate over any type of channel and prior
mathematical model is not required. This is also true for the case at hand. The
assumption for AWGN channel can easily be extended to cover other channel
models.
6. CONCLUSIONS
This paper describes two possible applications of Deep Learning methods in the
area of telecommunications related to symbol detection at the receiver side. The
limited, though very important case for PSK, which is still used in many existing
communications systems especially for control signaling (i.e BPSK) is covered. First
a short summary of the basic concepts and operations involved in the Deep Learning
paradigm is presented, followed by details on the implementation of Deep Learning
methods for signal detection in the case of BPSK and PSK modulation over AWGN
and Rayleigh channels. It is shown that these methods can achieve error performance
close to the theoretical limits. Furthermore, specific parameters of the DL system
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and their effects on the accuracy and bit error rate are evaluated. Finally, a DL model
with minimized parameter set is proposed which is proved to achieve the desired
results with much less complexity. In our future works the proposed model will be
extended to cover other transmission schemes including more complex encoding and
decoding approaches.
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