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Abstract—Digital predistortion (DPD) is widely recognized as
an effective technique for power amplifier (PA) linearization. By
compensating for nonlinearities in the PA transfer characteristic,
DPD ensures compliance of wireless infrastructure with
telecommunication standard requirements, including bit error
rate (BER), transmit spectrum mask (TSM), and error vector
magnitude (EVM). In addition to improving linearity, DPD
contributes to reduced operational costs by enhancing PA energy
efficiency. We employed different algorithms to implement DPD.
Proposed DPD methods rely on complex valued memory
polynomials and neural networks. The methods are described in
the paper from mathematical standpoint. Simulation results are
also presented in the paper.
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I. INTRODUCTION

Telecommunication systems must satisfy two inherently
conflicting objectives: energy efficiency and stringent
constraints on signal distortion. A conventional approach to
distortion reduction involves operating the radio frequency (RF)
power amplifier (PA) below its 1 dB compression point. While
effective in mitigating distortion, this method results in
suboptimal energy efficiency.

Digital predistortion (DPD) has emerged as the established
solution for distortion mitigation, enabling improved PA
efficiency and reduced operational costs of telecommunication
infrastructure [1]. The DPD block is implemented in the
baseband (BB) domain, prior to digital-to-analog conversion
(DAC) and subsequent frequency up conversion. By employing
a monitoring path, DPD observes the PA output and computes
the inverse of the nonlinear PA transfer characteristic. This
inverse function is applied to the input signal, thereby
compensating for nonlinearities and yielding a distortion-free
PA output. Consequently, both high linearity and energy
efficiency can be achieved [2, 3].

For realization of digital predistortion we used two different
approaches: the classical complex valued memory polynomial
(MP) model and artificial neural networks (ANN), based on
multilayer perceptron (MLP). The models were developed in
SystemC and subsequently validated through simulations.
Testbenches incorporate multiple PA models. Simulation
results are presented in the paper.
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II. MEMORY POLYNOMIAL DIGITAL PREDISTORTION

The DPD adopts complex-valued MP models and indirect
learning architecture (ILA) composed of predistorter and post-
distorter blocks. The ILA block diagram is given in Fig. 1. In
front of power amplifier there is a predistorter, which is trained
to be inverse function of PA. Post-distorter is simple copy of
predistorter and is only used in training process.
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Fig. 1. Indirect learning architecture.

The PA output is a complex signal x(n)=xn)+jxo(n). The
post-distorter output y(n) is defined complex-valued MP [2,
MP]:

y(n)= ZZ(% +jb,) -(x, (n—i)+ij(n—i))~e(n—i)j (1)

i=0 j=0

where the parameter N represents the memory length and M is
the DPD nonlinearity order [1]. Envelope function e(n) is
defined as:

e(n)=x,(n)* +x,(n)* @)

The y(n) comprises of in-phase and quadrature (I/Q)
components y(n)=y(n)+jyo(n). Similarly, the predistorter input
xp(n) consists of xp(n) and xpy(n), while the output yp(n)
consists of yp,(n) and yp(n). The predistorter and post-distorter
share the same coefficient set a; and b;. Following ILA, the
y(n) is subtracted by signal u(n) (Fig. 1.), which is delayed
version of yp(n). The resulting signal u(n) consists also from
real and imaginary parts wu(n)=u(n)+jug(n). The error function
&(n), defined by Eq. (3), is minimized during the training
process:
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When system converges, the signals yp(n) and y(n) become
equal. Also, the xp(n) becomes equal to x(7). As time evolves,
new coefficients ay(n+1), by(n+1) are calculated based on
previous samples a;(n), by(n). For training algorithm, the
Recursive Least Squares (RLS) algorithm [2] is used, which
minimizes a weighted cost function E(n):

E(n) = %z A Me(m)?, A<l 4)

m=0
b

where the “forgetting” factor A is the parameter used in the
training process, which gives less weight to the older error
values. The E(n) is minimized after its partial derivatives are

found for all model coefficients and solving the system of linear
equations:
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In order to last equation in a matrix form, the ay(n), by(n)
are stored in the vector w(n) which has dimension of 2xL,
where L=(N+1)(M+1):

w(n)=[w, WHL]T:[QU bg/]T

t=i+j-(N+1);

(6)

The signal components x(n) and xo(n) and its previous
values, described by Eq.(7), are stored in the matrix x(n),
defined by Eq.(8).

xle;; :x1(n—i)~e(n—i)j
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xQel-j =xQ (n=i)-e(n— i)J
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Delayed signals u(n) and uy(n) are stored in vector u(n),
defined by Eq.(9):

xQe i

xle

Xij+L

XivL,j+L ij

u(n) =[u;(n) uy(n)] )

The set of equations give by Eq. (5) can be expressed as the
product of matrices:

A(n)w(n) =B(n) (10)

The matrix A(n), which has dimensions 2Lx2L is obtained
by:

A(n) = iz"*mx(m)x(m)T (11)

m=0
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Following RLS algorithm, the matrix A(n) can be expressed
in terms of A(n-1):

A =x(m)x(n)" +7A(n-1) (12)

The matrix B(n) is defined as:

n
B(n)= > ﬂn_m(x(m) xu(m)Tj =x(m)xu(m)! + 2-B(n-1) (13)

m=0

In each iteration step, new elements of matrices A(n) and
B(n) are calculated using Eqs.(12-13). These matrices are
especially important. The DPD coefficients, stored in w(n) are
obtained after solving the system of linear equations, given by
Eq. (10). This is realized during the DPD training process.

III. ARTIFICIAL NEURAL NETWORK BASED DPD

An artificial neuron constitutes a mathematical abstraction
of the biological neuron’s operating principles. It receives input
variables from interconnected neurons, each input being
associated with a weight w;, which quantifies the strength of the
synaptic connection [4]. The aggregated information is
subsequently processed by an activation function, yielding the
neuron’s output. Fig. 2 illustrates the block diagram of an
artificial neuron.
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Fig. 2. Block diagram of an artificial neuron.

Formally, the inputs are represented by the column vector x,
while the corresponding weights are expressed by the vector w.
The output of the summation unit, denoted as s(x), is defined
as:

n
s(x):wa:Zwixi+b (14)

i=1
b
where n represents the number of input connections and b is the
bias (a synaptic weight corresponding to an input equal to 1).
The activation function f'is then applied to s(x), producing the
final neuron output:

y=f(s(x)) 15)

The nonlinearity introduced by the activation function is
therefore indispensable, as it enables the ANN to capture and
approximate complex nonlinear functions. In the context of this
work, the activation function plays a critical role in allowing the
neural model to approximate the nonlinear inverse
characteristic of PA.



An ANN is defined as the interconnection of multiple
neurons. Among the various architectures, the feed-forward
network represents the most fundamental structure. In this
configuration, neurons in one layer are fully connected to
neurons in the subsequent layer, and information propagates
strictly in a forward direction—from the input layer, through
any hidden layers, to the output layer—without feedback loops.
The predistortion function, employed to invert the nonlinear
transfer characteristic of the power amplifier, can be effectively
approximated using a feed-forward ANN. To realize this
approximation, the network must undergo a supervised training
process. In this work, the back-propagation algorithm is
adopted as the training method [4].

Construction of ANN-based predistortion consists of
several steps. In the initialization step, synaptic weights of the
feed-forward network are initialized, typically with small
random values to break symmetry. In dataset introduction step,
a training dataset is provided. The network receives, at its input,
the output data generated by the power amplifier.

The ANN produces an estimated outputs corresponding to
the amplifier’s input—output relationship. The estimated outputs
are compared against the desired outputs, which correspond to
the amplifier’s input data. The error is formally defined by Eq.
(16), in which, V4eireq(n) is desired output and Vegimarea(72) is the
output estimated by the ANN. The error is associated with a
cost function, which is expressed by Eq. (17).

8(}1) = ydesired (n) - yestimated (n) (16)

n
Em =3 o)’ (a7
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Through iterative weight updates the network minimizes the
cost function, thereby learning the nonlinear inverse mapping
required for effective predistortion. The synaptic weights of the
neural network are updated according to:

Wn)=Wmn-1)+AW (18)
where W(n-1) is the previous synaptic weight value, the W(n) is
updated synaptic weight value and AW is the weight correction
term, determined by the back-propagation algorithm. As a
result, the ANN converges toward an optimal approximation of
the nonlinear PA inverse characteristic. The Levenberg—
Marquardt algorithm [4] is employed to minimize the cost
function E(n). The weight update rule is expressed as:

AW =[J"W)+ A1 v (19)
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where J(W) denotes the gradient of the cost function, the J’(W)
represents the Hessian approximation, / is the identity matrix
and the A is the learning rate factor. The ANN-based
predistortion block diagram is given in Fig. 3.
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Fig. 3. Neural network-based predistortion.

IV. SIMULATION OF DPD TRAINING ALGORITHM

For the simulation of digital predistortion circuits, an in-
house developed mixed mode simulation (MMS) library was
employed in conjunction with SystemC libraries. The complete
transmitter architecture, including the DPD block, was
implemented in SystemC. Several supporting modules were
also modeled in SystemC, including the digital modulator, crest
factor reduction (CFR) block, inverse sinc (INVSINC) filter,
and the ADC/DAC interfaces [3].

I/Q signal is generated by digital modulator at sample rate
of 245.76 MS/s and it is interpolated by a factor of 2. The
predistorter operates at rate of 491.76 MS/s. For simplicity, the
transmitter operates in the BB. The effectiveness of DPD is
constrained by elevated peak-to-average power ratio (PAPR)
values, defined as the ratio of the maximum instantaneous
signal power to its average power [5]. Therefore, the PAPR
reduction is applied before signal enters the interpolator block.

The MP model is configured with memory length N and
nonlinearity order M. Training is performed by minimizing the
RLS error, with predistorter coefficients obtained by solving a
linear system of equations. At each training step, the
postdistorter updates matrix elements according to Egs. (12)
and (13), and solves resulting system of linear equations.

Another predistorter is implemented by MLP ANN which is
constructed from three layers - the input, the hidden and the
output layer. The input layer takes I/Q components of the BB
samples and their delayed versions to account for the memory
in the PA model.



xpI

yP
x (MP DPD)

Power [dBc]

Frequency [MHz]

-50 T T T T T T
e r xp

yp
x (MP DPD)

60 |

Power [dBc]

Frequency [MHz]

Fig. 4. Signal spectrum demonstrating the operation of two predistorters:

The amplitudes of I/Q samples are also fed as inputs to account
for the nonlinearity of the PA. The output layer consists of two
neurons, while in the hidden layer we used just several neurons.
The ANN-based predistorter operates at rate of 491.76 MS/s
and Levenberg—Marquardt algorithm is employed in the
training process.

In the test setup, the INVSINC filter compensates for the
DAC’s roll-off prior to analog conversion, after which the
signal is applied to the PA block. For the PA, the Hammerstein
model was used. The model consists of a memoryless
nonlinearity implemented digitally, followed by an analog 7th-
order ladder LC Pi filter. Notably, the LC filter is the only
analog circuit in the simulation setup; all other components are
modeled digitally.

TABLE L. THE SIMULATION RESULTS
Left side ACPR | Right side ACPR
[dBc] [dBc]
Xp — input waveform -52.1523 -52.5353
yp — pre- MP DPD -38.856 -36.9658
distorted
signal ANN DPD -39.6543 -37.3647
x — the PA
output MP DPD -50.5271 -50.6035
ANN DPD | -49.9539 -50.2873

For test waveform we used the 5G 100 MHz bandwidth
ETM 3.1 that runs at sample rate of 491.52 MS/s. Simulation
parameters include 18-bit arithmetic precision. The simulations
confirm improvement in PA linearity. Fig. 4 shows the signal
spectrum illustrating the effects of a complex-valued MP and
an ANN-based predistorter on PA output signal. Table 1
summarizes the numerical ACPR values of the same signals.
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a complex-valued MP (left) and a neural network-based predistorter (right).

V. CONCLUSION

This paper presents the design and implementation of a
digital predistortion system for RF PA linearization. The DPD
algorithm has been validated through simulations. To assess its
performance, the 100 MHz bandwidth ETM 3.1 waveform is
used. The predistorter runs at a sample rate of 491.52 MS/s.
Two DPD implementations were employed, including
complex-valued MP model and ANN-based DPD
implementation. Across all cases, the DPD effectively
suppresses PA output distortions. Both implementations show
similar simulation results.
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