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Abstract

In this article, we propose a feedforward neural network model designed to approximate the inverse transfer characteristic of a
High-Power Amplifier (HPA) in order to linearize it using Digital Predistortion (DPD). This approach is particularly relevant for
next-generation communication systems, such as those employing OTFS (Orthogonal Time Frequency Space) modulation
envisioned for 6G, whose signals exhibit large amplitude variations that exacerbate amplifier nonlinearities. The performance of
predistortion heavily depends on the learning algorithm used to train the neural model. We compared three optimization
algorithms: Gradient Descent, Gauss-Newton, and Levenberg-Marquardt. The amplifier is modeled using the Rapp model. The
neural network architecture consists of a single input neuron, a hidden layer with ten neurons using the hyperbolic tangent
activation function, and a linear output neuron. Training and simulations were carried out in MATLAB, and the performance of
each algorithm was evaluated using the Mean Squared Error (MSE) criterion, which quantifies the deviation between the ideal
transfer characteristic of a linear amplifier and the characteristic obtained after predistortion. The results clearly show that the
Levenberg-Marquardt algorithm provides the best approximation of the predistortion function, achieving an MSE on the order of
4.2708x1073, significantly outperforming Gauss-Newton 1.0481x10* and Gradient Descent (0.0272). This superior performance
is attributed to Levenberg-Marquardt’s ability to combine the robustness of Gradient Descent with the fast convergence of
Gauss-Newton, while avoiding local minimum and issues related to poor synaptic weight initialization.
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1. Introduction

Due to its performance, OTFS modulation is a potential
candidate for the modulation scheme used by the 6G network.
However, it creates a nonlinearity problem in the amplifier due
to the high amplitude variation of the modulated signal. This
problem results in a degradation of the BER (Bit Error Rate) at
the receiver and an increase in the amplifier's energy con-
sumption. To solve this problem, we proposed a neural net-
work-based predistortion using a feedforward architecture.

Figure 1 shows the overall principle of neural network-based
predistortion. It involves approximating the amplifier's inverse
transfer characteristic with a neural model and cascading this
model with the amplifier to achieve a linear transfer character-
istic [1-4]. Our contributions in this article are as follows:
linearization of the amplifier’s transfer characteristic using a
neural model, and investigation of the influence of this neural
model’s learning algorithms on predistortion performance.
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Figure 1. Principle of the predistortion technique.

2. Artificial Neural Network (ANN)

2.1. Artificial Neural

The artificial neural is a mathematical model of the oper-
ating principles of the biological neural. It receives input
variables from other neurons. Each input is associated with a
weight w;, which represents the strength of the connection.
The information thus gathered is processed by an activation
function to produce the neural's output [5-10].
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Figure 2. Artificial neural.

The inputs of the neural are represented by the column
matrix x, defined by Equation (1).
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The matrix w represents the corresponding weights.
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The output of the summation unit, denoted as s(x), is
given by the expression:
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s) =Y, wx; +b=wlx+b 3)

Therefore, the output of the neuron, denoted as y, is given
by the expression:

y(x) = f(s(x) = fF(Ef, wix; + b) “4)

Where f is the activation function of the neuron and b is
the bias (a synaptic weight corresponding to an input equal to
+1).

Without an activation function a neural network would
reduce to a simple linear transformation equivalent to a single
neuron. The nonlinearity introduced by the activation function
is therefore essential for the network to model complex,
nonlinear phenomena. In the context of our paper, the activa-
tion function enables the neural model to approximate the
nonlinear inverse characteristic of the power amplifier.

2.2. Feedforward Neural Network

An artificial neural network is the interconnection of mul-
tiple formal neurals. A feedforward network is a network in
which all neurals in one layer are connected to all neurals in
the next layer. It is the simplest type of artificial neural net-
work, where information travels in only one direction from
the input layer, through any hidden layers, to the output layer
without any feedback loops. This structure is ideal for tasks
like pattern recognition, image classification, and function
approximation.

input layer

hidden layer 2

hidden layer 1

Figure 3. Feedforward Neural Network.

2.3. Neural Network Training

We are going to talk about two types of learning: supervised
learning and unsupervised learning.

2.3.1. Unsupervised Learning

In the case of unsupervised learning, only the input values
are available. The internal parameters of the network are
adjusted using only these values; no desired outputs are taken
into consideration. The network is said to be self-taught.
Unsupervised learning aims to identify hidden patterns and
relationships within the data, without any supervision or prior
knowledge of the outcomes [11, 12].
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Figure 4. Unsupervised learning.

fore consists of comparing the output estimated by the network
2.3.2. Supervised Learning with the desired output and updating the synaptic weights (w;)

In supervised learning, the inputs to the network and the de-  Until the network produces an acceptable result [13-16].

sired outputs are known in advance. The learning phase there-
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Figure 5. Supervised learning.

2.3.3. Backpropagation Algorithm

This algorithm is used for training FeedForward neural
networks. Specifically, the output produced by the network is
compared to the desired output, resulting in an error. This
error is used to calculate its gradient, which is then propagated
from the output layer to the input layer, hence the term back-
propagation. This enables the adjustment of the network's
synaptic weights. The operation is repeated for each input
vector until the stopping criterion is met.

Here is how the algorithm works. Consider a multilayer
neural network consisting of: an input layer of n, neurons, a
hidden layer of n,; neurons with a sigmoid activation func-
tion, and an output layer of n, neurons with a linear activa-
tion function.

Propagation

After initialising the synaptic weights, the network outputs Sigmoid activation Linear activation
are calculated by propagating the input values layer by layer, function function
as illustrated in Figure 6. Figure 6. Propagation of input data.
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Step 1
The value of the output from each neuron in the hidden

layer, denoted as x( )

where j =1,...,n,, depends on the
sum of the inputs x; where i = 1,...,n,, weighted by the
synaptic weights between the input layer and the hidden layer,
denoted as Wj;. Here, g() is the activation function of the

neurons in the hidden layer.

(1) Zno W

(1) g(a(l)) ©)

Step 2

Similarly, the output value of each neuron in the output
layer, denoted y, where k=1,..,n,., is calculated. It
depends on the sum of the outputs from the hidden layer,
calculated in step 1 (x].(l)), weighted by the synaptic weights

between the hidden and output layers, denoted W;.

2 1
o = ¥ Wy x®

v = f(@®)

(6)

Where f() is the activation function of the neurons in the
output layer.
Cost function

des ,,des

Let us denote by y9es = [yfes, yges, ,ynes] the desired

outputs associated with the inputs x; of neural network. The
output vector of the neural network is computed by applying
steps 1 and 2, resulting in y = [¥q, Y2, ..., ¥n,]. The error
between the network's actual output and the desired output is
then calculated using equation (7).

e = Y% — Vi (7
Here is the associated cost function
1
J= 3 ZZZ=1 6;% (®
Backpropagation
This involves updating the synaptic weights W, ; and Wj;
of the network using equation (9).

Wnouvelle = Wancienne - AW (9)

If the optimization method used to minimize the cost func-
tion J is Gradient Descent, then

— 39
AW = A—~ (10)

aj . . . .
Where ﬁ is the gradient of the cost function with respect

a?] _on n des
T = it (T2, -

to the synaptic weights of the neural network, and 4 is the
learning rate.

If the optimization method used to minimize the cost func-
tion J is Gauss-Newton, then

AW =2 [J"M]' W) (11)

Where J'(W) =

with respect to the synaptic weights of the neural network,

—W is the gradient of the cost function

%\ . . . .
J'Ww) = L) is the Hessian matrix of the cost function
ow?

with respect to the synaptic weights, and A is the learning
rate.

If the optimization method used to minimize the cost func-
tion J is Levenberg-Marquardt, then

AW = [J"(W) + Al (W) (12)

Let us then compute the gradient and the Hessian matrix of
the cost function with respect to the synaptic weights of the
neural network.

. d )
Calculation of 671 (with respect to the second layer)
kj
Calculation of the gradient of the cost function with respect

to the synaptic weights Wp,; between the hidden layer and the
output layer. This gradient is expressed as:

5o =~ S OR — ) S (@)1 3)

Calculation of % (with respect to the first layer)
ji

Calculation of the gradient of the cost function with respect
to the synaptic weights W;; between the hidden layer and the
input layer. This gradient is expressed as:

s = Zia 0 = 3£ (@2) Wiy 9'(¢"). 2 (14)
Calculation of 2 (with respect to the second layer)

Calculation of Hessmn matrix of the cost function with
respect to the synaptic weights W ; between the hidden layer
and the output layer.

%) d
aWk (y es

D[P E@)] ) as)

Calculation of 2 (with respect to the first layer)

Calculation of He551an matrix of the cost function with
respect to the synaptic weights Wj; between the hidden layer
and the input layer.

= 3)-£"(@). Wiy . g'(af7). %)) Wij) g'(@P)x; (16)
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2.4. Universal Approximation Property of
Neural Networks

This property is stated as follows: "for any function, there
exists at least one feedforward neural network, possessing one
hidden layer and a linear output neuron, that achieves an
approximation of this function and its successive derivatives"
[5-8]. Therefore, feedforward neural networks can be entirely
suitable for modeling the desired predistortion function in
order to linearize the amplifier.

3. Principle of Artificial Neural
Network-Based Predistortion

The universal approximation property of neural networks
implies that the predistortion function fpp, used to invert the
amplifier’s transfer characteristic, can be approximated using
a non-recurrent feedforward neural network. To achieve this,
the network must be trained. Therefore, a supervised learning
algorithm known as the backpropagation algorithm will be
employed. The following steps outline the implementation of
neural network-based predistortion (see also Figure 7).

Step 1: Initialization of the synaptic weights of the feed-
forward network.

Step 2: Introduction of a training dataset. Specifically, the
network receives at its input the output data from the power
amplifier.

Step 3: The neural network estimates the output data cor-
responding to the input data (i.e., the power amplifier's output

data).

Step 4: Comparison between the outputs estimated by the
neural network and the desired outputs, which are the input
data of the power amplifier. The error between these values is
defined by Equation (17). Often, this error is associated with a
cost function J given by Equation (18).

€ = Ydes — Yest (17)
With
Vaes: desired outputs
Vest: outputs estimated by the neural network
J =33(e)? (18)

2

Step 5: Updating the synaptic weights of the neural network

using Equation (19).
Wnouvelle = Wancienne - AW (19)

With

W ancienne: Previous synaptic weight value

Wiouvetie: Updated synaptic weight value

AW': correction term, which depends on the optimization
algorithm used to minimize the cost function J (see Equa-
tions (10), (11), and (12)).

Step 6: The trained network is copied into the predistortion
block.

Signal to be
amplified Predistortion PA Amplified
fonction ional
(gpa) Sigha
(fep)
Yaes e
Copy 6 o

Feedforward

neural networks
(figure 8)

6

Updating the
synaptic
weights

Figure 7. Principle of neural network-based predistortion.
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4. Characteristics of the Proposed Neural
Model

In this paper, we consider a terrestrial radio transmission context.

For this reason, the amplifier model employed is the Rapp model.
Consequently, the distortions introduced by this model affect only
the amplitude of the amplified signal. Therefore, in our case, the
feedforward neural network used has a single input and a single
output. The accuracy of the resulting predistortion function de-
pends on the characteristics of the neural network employed.
Specifically, our feedforward network consists of three layers:

An input layer comprising a single neuron. Indeed, since
the neural network has only one input, a single neuron in the
input layer is appropriate.

A hidden layer with ten neurons using the hyperbolic tangent
activation function. This activation function allows us to ran-
domly initialize the synaptic weights during training, thereby
accelerating the convergence of the learning algorithm.

An output layer consisting of a single neuron with a linear
activation function.

In this study, we employed three high-performance learning
algorithms:

Gradient descent,

Gauss-Newton,

Levenberg-Marquardt.

One output
neuron

One input
neuron

hidden layer
of 10
neurons

Figure 8. Architecture of the neural network used.

From this architecture, we derive the mathematical model of
the predistortion function fp, which is expressed as follows:

fop () = DR [wE[gwex + bE)]] + bs (20)

wf® is the synaptic weight between the i-th neuron of the

hidden layer and the output layer neuron,

wf€ is the synaptic weight between the input layer neuron
and the i-th neuron of the hidden layer,

b{ is the bias of the i-th neuron in the hidden layer,

b, is the bias of the output neuron,

x is the input signal to the predistortion block,

g s the activation function of the hidden layer neurons; in
our case, it is the hyperbolic tangent function defined by
g =5

elt+e™m

5. Performance Criterion of the
Proposed Neural Model

To evaluate the performance of the proposed neural model,
we used the Mean Squared Error (MSE). In our case, it rep-
resents the arithmetic mean of the squared differences be-
tween the ideal transfer characteristic of a linear amplifier
(purple curve in Figures 9, 10, and 11) and the transfer char-
acteristic obtained after linearizing a nonlinear amplifier using
the neural network-based predistortion technique (black curve
in Figures 9, 10, and 11).

MSE =~ 3N (vilk] = Yese [k])? 1)

y;: ideal transfer characteristic of a linear amplifier.

Yest - transfer characteristic obtained after linearizing a
nonlinear amplifier using the neural network-based pre-
distortion technique.

6. Results

The experiment was conducted using MATLAB 2023 in-
stalled on a machine with the following specifications: CPU:
Intel(R) Core i17-9750H, GPU: NVIDIA GetForce RTX 2060,
RAM: 16Go.

Recall that the power amplifier model used is the RAPP
model [17]. The predistortion function is modeled using the
neural network described in Section 4. Three methods are
employed to minimize the cost function: Gradient Descent,
Gauss-Newton and Levenberg-Marquardt.

Figures 9, 10, and 11 show the shape of the predistortion func-
tion obtained from the proposed neural model. These figures also
display the amplifier's transfer characteristic after neural net-
work-based predistortion. And Table 1 provides the MSE values.

Table 1. MSE values for each learning algorithm.

Descente du gradient

MSE 0.0272

Gauss-Newton

1.0481x10

Levenberg Marquardt

4.2708x10%®
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Figure 9. Performance of Neural Network-Based Predistortion Using Gradient Descent.
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Figure 10. Performance of Neural Network-Based Predistortion Using Gauss-Newton.
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Figure 11. Performance of Neural Network-Based Predistortion Using Levenberg-Marquardt.

The goal of predistortion is to compensate for the amplifi-
er's nonlinearity (Rapp model, blue curve) so that the overall
chain (predistortion function + amplifier) exhibits a transfer
characteristic as close as possible to the ideal straight line
(purple markers), i.e., a linear response with constant gain.

In Figure 9, the transfer characteristic of the amplifier after
predistortion and amplification (black curve) deviates signifi-
cantly from the ideal characteristic (purple points). This indicates
that the neural network failed to accurately model the predistor-
tion function (brown curve). Indeed, gradient descent is a simple
but slow algorithm that can easily get stuck in local minima and
fail to converge properly toward the global minimum.

In Figure 10, the transfer characteristic after predistortion
and amplification (black curve) follows the ideal trajectory
(purple points) much more closely than in the previous case.
The deviations are reduced, as reflected by the lower MSE
value. The Gauss-Newton algorithm uses a quadratic ap-
proximation of the cost function which accelerates conver-
gence compared to gradient descent. However, it can become
unstable if the synaptic weights are poorly initialized or if the
approximated Hessian matrix is ill-conditioned.

In Figure 11, the transfer characteristic after predistortion
and amplification (black curve) follows the purple points of
the ideal characteristic almost perfectly. The deviation is
minimal, as confirmed by the low MSE value. The overall
response (green curve) is nearly linear, indicating that the
neural network was able to accurately model the inverse of the
amplifier’s nonlinearity (brown curve). The Leven-
berg-Marquardt algorithm combines the advantages of gra-
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dient descent (stability) and Gauss-Newton (speed). It dy-
namically adjusts a regularization parameter to ensure con-
vergence even when the synaptic weight initialization is poor.

7. Conclusion

In this article, we investigated the influence of learning
algorithms on the performance of digital predistortion based
on a feedforward neural network applied to a power amplifier
modeled using the Rapp model. The objective was to ap-
proximate the inverse transfer characteristic of the amplifier
in order to compensate its nonlinearities, which are particu-
larly critical in 6G communication systems employing
high-PAPR (Peak-to-Average Power Ratio) modulation
schemes such as OTFS. Three optimization algorithms were
compared: Gradient Descent, Gauss-Newton, and Leven-
berg-Marquardt. The results clearly show that the Leven-
berg-Marquardt algorithm achieves the highest accuracy. This
superior performance stems from its ability to combine the
robustness of Gradient Descent with the fast convergence of
the Gauss-Newton method. The logical next step in our re-
search is to apply the proposed neural network—based pre-
distortion technique within a telecommunications system such
as 6G to compensate for amplifier nonlinearity, thereby re-
ducing transmission errors and the system’s energy con-
sumption. These findings confirm that the choice of learning
algorithm is a decisive factor in the effectiveness of neu-
ral-network-based linearization. The proposed approach thus
opens promising prospects for integrating adaptive lineariza-
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tion solutions into transmitters for future 6G networks.

Abbreviations

6G Sixth Generation of Mobile Telephony
ANN Artificial Neural Network

BER Bit Error Rate

DPD Digital Predistortion

HPA High-Power Amplifier

MATLAB Matrix Laboratory

MSE Mean Squared Error

OTFS Orthogonal Time Frequency Space
PAPR Peak-to-Average Power Ratio
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