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Abstract—Long short-term memory(LSTM) neural networks
and convolutional neural networks (CNNs) have been used
by modern researchers to compensate power amplifier (PA)
distortions. In this research, two digital predistortion (DPD)
models based on LSTM and CNN called augmented-LSTM
and 1D-CNN-LSTM are proposed. The augmented-LSTM model
effectively reduces the distortions in wideband PAs. The mea-
surement results show that the augmented-LSTM model gives
better linearization performance compared to other state-of-the-
art models designed based on neural networks (NNs). On the
other hand, the 1D-CNN-LSTM model is proposed to simplify the
augmented-LSTM model by integrating a CNN layer prior the
LSTM layer causing reduction in the number of input features
to the LSTM layer. The measurement results show that the
1D-CNN-LSTM model offers low-complexity linearization for
wideband PAs and provides comparable results to the augmented-
LSTM model.

Index Terms—Augmented-LSTM, digital predistortion, DPD,
1D-CNN, LSTM, power amplifier, PA, neural network.

I. INTRODUCTION

In wireless communication systems, power amplifiers (PAs)
are an essential component as they provide the necessary
power for transmitting signals [1], [2]. However, the nonlin-
ear characteristics and memory effects of PAs can lead to
a phenomenon known as spectrum regrowth [3]–[5], which
increases the interference with adjacent channels, and degrades
the quality of the transmitted signal. This problem is particu-
larly pronounced in 5G wireless communication systems due
to the increased bandwidth and complexity of the transmitted
signals [2].

To address this issue, a technique called digital predistortion
(DPD) [2], [6] can be used. DPD predicts the distortion
introduced by the amplifier and generates a pre-distorted
version of the input signal that cancels out the distortion
when amplified. Traditional DPD models include the Volterra
series [7] model and its simplified versions, namely as the
memory polynomial (MP) model [8], the generalized memory
polynomial (GMP) model [9], and the simplified Volterra (SV)
model [10]. These models have been shown to be effective in
addressing the nonlinearities of PAs for low bandwidth signals.
However, due to the high correlation between polynomial
bases [2], these models become less effective as the signal
bandwidth increases.

Another popular approach used by modern researchers to
model the nonlinearities of PAs is the use of artificial neural

networks (ANNs). The authors in reference [6] constructed
a shallow Neural Network (NN) based predistorter to com-
pensate for PA nonlinearity [2]. Subsequently, the authors in
reference [11] have proposed a deep NN-based DPD. In addi-
tion to these models, there have been many ANN-based DPD
models that have been proposed over the time. Among the
ANN-based models, long short-term memory (LSTM) [12],
[13] networks,recurrent neural networks (RNNs) [14] and
convolutional neural networks (CNNs) [1], [2], [15] have been
widely used in modeling DPDs. However, models such as
DNNs, RNNs, and LSTM networks have high complexity
problems. While CNN models have been proposed by the
researchers as a solution to the complexity problem, they have
less capacity to capture memory features [13].

To address these limitations, a augmented-LSTM model
is proposed to model the predistorter of the wideband PAs
with higher accuracy and low complexity compared to other
DNN models. The proposed model leverages the ability of
LSTM layer to exploit the time series information of the PA
data [12], [13], [16]. The main difference between the LSTM-
DNN model proposed by the authors in [12] and the proposed
augmented-LSTM model is the input features that are utilized
to model the inverse model of PA. In the latter part of the
article, a 1D-CNN and LSTM-based model is proposed to
simplify the proposed augmented-LSTM model. It utilizes a
1D-CNN layer before the LSTM layer to reduce the number
of input features to the LSTM layer by capturing the important
features from the same time stamp.The LSTM layer then
exploits the time-series information. This approach aims to
combine the strengths of both techniques to achieve a efficient
model for wideband PA predistortion with low complexity.

The article is organized as follows. Section II discuss about
the existing neural network based dpd models. In section
III, a description of the proposed augmented-LSTM model is
provided. Section IV elaborates the 1D-CNN-LSTM structure,
which is proposed to simplify the augmented-LSTM model .
Section V covers the training process for the proposed models.
Section VI is the extension of the proposed model to the
DPD design. Section VII presents the measurement results
and compares the proposed DPD model to existing ANN-
based DPD models. Finally, the results will be summarized
in section VIII under the conclusion.978-1-6654-6483-3/23/$31.00 ©2023 IEEE



II. EXISTING NN-BASED DIGITAL PREDISTORTION
MODELS

Both shallow neural networks with fewer hidden layers [6]
and deep neural networks [11] with multiple hidden layers
have been used for digital predistortion in recent years. Even
though the simple network structure and training process can
be beneficial, with the less number of hidden layers in shallow
neural network based models reduce the ability to capture the
nonlinear effect of the power amplifiers compared to DNN-
based models with multiple hidden layers. However, high
complexity of DNN-based model is an issue when it comes
to high bandwidth situations. LSTM [12], [13] networks and
RNN networks [14] have been introduced to capture the time
series information of the input signal. The LSTM-DNN [12]
model consists of a LSTM layer and two fully connected
layers. To reduce the complexity of this model the LSTM-
CNN model [13] was proposed.

III. THE PROPOSED AUGMENTED-LSTM MODEL

The main difference between the LSTM-DNN model, which
the authors proposed in [12] and the proposed augmented-
LSTM model is the input features that are utilized in modeling
the DPD model. The LSTM-DNN model considers only the
real and imaginary (I/Q) components for predistortion mod-
eling. However, to enhance the modeling performances, the
proposed augmented-LSTM model utilizes the amplitude of
the input signal in addition to I/Q components as in [1],
[6]. The proposed augmented-LSTM model consists of an
input layer, a LSTM layer, a fully connected layer and an
output layer as shown in in Fig.1. The input layer serves as
the initial point of data processing, where the input signal is
normalized to a zero mean and a unity standard deviation.
As mentioned in the reference [17], this normalization step
is crucial for mitigating the potential problem of gradient
explosion, which could prevent the model from converging
to an ideal solution. The input to the model is a collection of
real and imaginary (I/Q) components and envelop-dependent
terms as shown below.

Xin(n) =


Iin(n) Iin(n− 1) . . . Iin(n−m)
Qin(n) Qin(n− 1) . . . Qin(n−m)
|xin(n)| |xinn− 1)| . . . |xin(n−m)|
|xin(n)|2 |xin(n− 1)|2 . . . |xin(n−m)|2
|xin(n)|3 |xin(n− 1)|3 . . . |xin(n−m)|3


(1)

Where xin(n) represents the current input signal and Iin(n)
and Qin(n) are the real and imaginary components of complex
signal xin(n) respectively. |xin(n)| represents the amplitude
of signal xin(n). Iin(n − k) and Qin(n − k), k = 1,2,. . .,m
represents the real and imaginary components of delayed
samples and |xin(n−k)|, k = 1,2,. . .,m denotes the amplitudes
of delayed samples. m denotes the memory depth. The input
layer passes the processed data to the LSTM layer which
consists of a collection of LSTM units. The special internal
structure of the LSTM unit [12], [13], [17] which as depicted
in Fig.2 designed to address the vanishing gradient problem

that is frequently experienced in RNN. The LSTM unit is
composed of several components, including the input gate (it),
forget gate (ft), memory cells, and output gate. The input gate
determines how much weight to assign to new input and how
much of the previous memory cell state to retain. The forget
gate decides how much of the previous memory cell state to
keep or discard at each time step. Meanwhile, the memory
cells store relevant information over time, and the output gate
determines how much of the memory cell state to output as the
final result of the LSTM unit. By combining these components,
the LSTM layer can selectively retain or discard information
from previous time steps, enabling it to handle sequential data
and model long-term dependencies more effectively than a
standard RNN unit.
The LSTM layer generates a corresponding output sequence

from the current and delayed data input sequence by extracting
the time-series information [12], [13]. Hyperbolic tangent
activation function, Tanh is used as the activation function.
The output generated by the LSTM layer is then passed to the
fully connected layer. Here, the last timestamp of the sequence
output from the LSTM layer is selected and pass to the fully
connected layer. The fully connected layer, also known as the
dense layer, is a standard neural network layer where each
neuron receives input from every neuron in the previous layer
and is connected to every neuron in the following layers. Then
the activation function Tanh is used to the output of the fully
connected layer. Finally, the desired in-phase and quadrature
values are produced by the output layer, which consists of two
neurons corresponding to real and imaginary components of
the output signal.

IV. THE PROPOSED 1D-CNN-LSTM MODEL

To simplify the proposed augmented-LSTM model, a con-
volution layer is utilized before the LSTM layer as shown
in Fig. 3 to reduce the input size of the LSTM layer. By
using a less number of input features to the LSTM layer, the
complexity of the model can be reduced. Hence the idea of
this 1D-CNN-LSTM model is to reduce the complexity and
to achieve comparable linearization results. The proposed 1D-
CNN-LSTM model is composed of several key layers; input
layer, 1D-CNN layer, LSTM layer, fully connected layer and
output layer. The Input layer processes and normalize the input
data and passes the normalized data to 1D convolution layer.
As shown in Fig. 4, the CNN layer uses a 3 ∗ 1 convolution
kernel to extract the useful features in the same memory effect.

gk = Xin(n)⊛ hk

=


Iin(n) Iin(n− 1) . . . Iin(n−m)
Qin(n) Qin(n− 1) . . . Qin(n−m)
|xin(n)| |xinn− 1)| . . . |xin(n−m)|
|xin(n)|2 |xin(n− 1)|2 . . . |xin(n−m)|2
|xin(n)|3 |xin(n− 1)|3 . . . |xin(n−m)|3

⊛ hk

(2)
where gk represents the 1D convolution output and hk

represents the coefficients of the 1D convolution kernel. ⊛
denotes the convolution operation.
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gk =

g11 g12 . . . g1(m+1)

g21 g22 . . . g2(m+1)

g31 g32 . . . g3(m+1)

 (3)

where, g11 to g3(m+1) represent the convolution results as
shown in Fig. 4. The output of the CNN layer is then passed
to the LSTM layer to exploit time series information. The
LSTM layer generates an output sequence by processing the
input sequence. The last timestamp of this output sequence is
then selected and passed to a fully connected layer. Finally, the
output layer consisting of two neurons, provides the desired
output related to I and Q components.

V. TRAINING AND EVALUATION OF THE PROPOSED
MODELS

Training and evaluation of the proposed algorithm were
performed using the power amplifier measurements data set
provided by the Mathworks, Inc. (www.mathworks.com) [18].
According to the reference [18], the data set was recorded
using a NXP Airfast LDMOS Doherty power amplifier and
the test signal employed was a 5G-like OFDM waveform, with
each subcarrier carrying 16-QAM symbols. The specifications
of the data set are listed in the Table I. In the training
algorithm, Adam optimization algorithm [19] was employed

TABLE I
CHARACTERISTICS OF THE TRAINING AND TESTING DATA

Parameter Value
Operating frequency 3.6 - 3.8 GHz
Operating Bandwidth 100 MHz
Gain of the PA 29 dB

as the optimizing function for parameter optimization of the
model. Mean Squared Error (MSE) was utilized as the cost
function to measure the error between actual and predicted
values. To assess the performance of the training process
and to prevent model from overfitting, a validation set was
utilized. An early stopping criterion was implemented to
further prevent overfitting, where the training process stops
if the validation accuracy does not improve for a pre specified
number of validations (validation patience). This ensures the
generalizability of the model.

VI. EXTENSION TO DPD
In this work, the inverse modeling of PA’s nonlinear function

was performed to model the DPD. The indirect learning ar-
chitecture [1] shown in Fig.5, a popular method for extracting
DPD models was employed for this purpose. The inverse
model was trained by using the output data of PA as the input
data to the inverse model and input data of PA as the output
data of the inverse model. Then using the trained DPD model,
the main path DPD was updated to linearize the PA. Therefore,
the input data matrix of PA’s inverse model can be interpreted
as below.

Yn =


Iout(n) Iout(n− 1) . . . Iout(n−m)
Qout(n) Qout(n− 1) . . . Qout(n−m)
|yout(n)| |yout(n− 1)| . . . |yout(n−m)|
|yout(n)|2 |yout(n− 1)|2 . . . |yout(n−m)|2
|yout(n)|3 |yout(n− 1)|3 . . . |yout(n−m)|3


(4)

Where yout(n) represents the output signal of the PA and
Iout(n) and Qout(n) are the real and imaginary components
of complex signal yout(n).
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VII. MEASUREMENT RESULTS

To evaluate the proposed DPD model performances, the
proposed models were built in PyTorch framework. The com-
parison of the Normalized Power Spectral Density (PSD) of
the actual PA output signal and the PA output signal obtained
with the proposed augmented-LSTM DPD model was done
to evaluate the linearization performances of the DPD model.
Fig. 6 displays normalized PSD graphs that demonstrate the
linearization performances of the augmented-LSTM model.
To further evaluate performance, Normalized Mean Squared
Error(NMSE) and Adjacent Channel Power Ratio (ACPR)
were calculated. The proposed DPD model enhances the
NMSE from −22.17 dB to −33.49 dB and improves the
ACPR performance from −26.69 dBc to −40.04 dBc (decibels
relative to carrier). These results indicate that the proposed

augmented-LSTM model has significant impact on reducing
PA distortion.

To compare the linearization performance of augmented-
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Fig. 6. Linearization performance of the augmented-LSTM model

LSTM model with other ANN models, DPD models including
LSTM-DNN [12], DNN [11] and ARVTDNN [6] were also
developed in the the PyTorch framework. As mentioned in
the reference [12], number of neurons in the hidden layers of
the LSTM-DNN network is [LSTM FC1 FC2] = [10 7 5].
Number of neurons in the hidden layer of ARVTDNN model
is used as 17 according to the reference [6] and in the DNN
model hidden layer structure is [17 17 17]. All the models were
trained using the same algorithm used to train the augmented-
LSTM model. Fig.7 compares the normalized PSD of the pro-
posed augmented-LSTM model with other ANN DPD models
and memory polynomial DPD. Table II further compares the
linearization performances and complexity through the use of
NMSE, ACPR and number of model coefficients. The results
suggest that the proposed LSTM model has superior lineariza-



tion performances compared to other ANN DPD models.

-200 -150 -100 -50 0 50 100 150 200

Frequency (MHz)

-110

-100

-90

-80

-70

-60

-50

-40

-30

-20

-10

0

N
o
rm

a
liz

e
d
 P

o
w

e
r 

S
p
e
c
tr

a
l 
D

e
n

s
it
y
 (

d
B

m
)

Without DPD

Memory Polynomial

LSTM-DNN

ARVTDNN

DNN

Augmented LSTM

Fig. 7. Linearization performance of PA using various DPD

TABLE II
COMPARISON OF PERFORMANCES AND COMPLEXITY OF THE

AUGMENTED-LSTM MODEL AND OTHER DPD MODELS

Model NMSE(dB) ACPR (dBc)
(-/+ 25 MHz)

Number of
model coefficients

Without DPD -22.17 -26.19/-27.19 N/A
Memory Polynomial -29.59 -34.76/-34.69 N/A
ARVTDNN [6] -32.29 -38.54/-37.86 563
DNN [11] -33.36 -40.15/-39.09 869
LSTM-DNN [12] -32.79 -39.24/-38.45 689
Augmented-LSTM -33.49 -41.01/-39.60 559

The 1D-CNN-LSTM DPD model, which was proposed to
reduce the complexity achieved an NMSE value of −33.31
dB and improved the ACPR performance from −26.69 dBc
to −39.79 dBc. Fig.8 displays the linearization performances
of 1D-CNN-LSTM DPD model and the augmented-LSTM
model. Table II compares the achieved NMSE, ACPR value
and number of model coefficients for both the proposed
1D-CNN-LSTM model and augmented-LSTM model. These
results indicates that the integrating the CNN layer before the
LSTM layer maintains a comparable linearization results while
reducing the complexity.

TABLE III
COMPARISON OF PERFORMANCES AND COMPLEXITY OF THE
1D-CNN-LSTM MODEL AND AUGMENTED-LSTM MODEL

Model NMSE(dB) ACPR (dBc)
(-/+ 25 MHz)

Number of
model coefficients

Without DPD -22.17 -26.19/-27.19 N/A
Augmented-LSTM -33.49 -41.01/-39.06 559
1D-CNN-LSTM -33.31 -40.20/-39.37 466
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Fig. 8. Linearization performance of PA using 1D-CNN-LSTM DPD

VIII. CONCLUSION

There are two main outcomes in this paper. First, an
augmented-LSTM model is proposed to model a DPD target-
ing wideband PAs. The proposed model uses a comprehensive
basis set to enhance the modeling performance resulting in
the NMSE improvement from −22.17 to −33.49 dB and the
ACPR improvement from −26.69 to −40.04 dBc. Compared
to other NN-based DPD models, the augmented-LSTM model
shows a better linearization performance. The complexity of
the augmented-LSTM model is then reduced using a 1D-CNN-
LSTM model, where a CNN layer is employed before the
LSTM layer to capture the useful features from the input data.
This results in reducing the number of input features to the
LSTM layer which translates to decreasing the complexity.
The simulation results indicate that the less complex 1D-CNN-
LSTM model achieves a comparable linearization performance
as the augmented-LSTM model.
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