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ABSTRACT This paper proposes a neural networks predistorter based on the bidirectional long-short-term
memory (BiLSTM) structure. The proposed predistorter was trained while ensuring that it captures the full
intrinsic behavior of the device under test including its memory effects and nonlinear distortions. For this
purpose, the device under test was characterized while operating at peak power level with a test signal
that emulates strong memory effects. Extensive experimental validation carried on a commercial Gallium
Nitride power amplifier prototype demonstrated the ability of the proposed predistorter to maintain standard
compliant adjacent channel leakage ratio over a wide range of operating conditions including operating
average power, signal bandwidth, and carriers’ configurations. It has been shown that a digital predistorter
(DPD) derived from one single training condition was able to linearize the device under test for 72 different
test conditions with signal bandwidths between 10MHz and 40MHz, and an operating power range of
5dB. Furthermore, benchmarking results showed that the BiLSTM DPD is unable to maintain satisfactory
performance when trained with a sub-optimal signal which does not emulate the full behavior of the device
under test. Moreover, it has been shown that the use of the optimal characterization signal along with a
generalized memory polynomial predistorter does not lead to satisfactory performance. Hence, the resilience
of the predistorter is obtained by combining the suitable model structure along with the appropriate training
approach. Such resilient DPD presents a paradigm shift in predistortion techniques which significantly
minimizes the need for update. It is anticipated that this work will pave the road for a new generation of
DPDs resilient to a wide range of operating conditions.

INDEX TERMS 5G NR, BiLSTM, bidirectional LSTM, digital predistortion, distortions, long-short-term
memory (LSTM), memory effects, neural networks, nonlinearity, power amplifier, predistortion.

I. INTRODUCTION
The fifth-generation (5G) mobile communication networks
are set to revolutionize the way we communicate and
access information. With the increasing demand for higher
data rates, greater reliability, and lower latency, 5G sys-
tems require higher spectral efficiency, improved energy
efficiency, and increased network capacity. One critical com-
ponent in the radio frequency (RF) front-end is the power
amplifier (PA) which can behave nonlinearly. The nonlinear
behavior of RF PAs is observed when the input signal has an
amplitude varying envelope which is the case of all modern
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communication systems. Moreover, as the bandwidth of the
signals being transmitted increases, the dynamic nonlinear-
ity of the power amplifier (also known as memory effects)
becomes more pronounced.

The nonlinear behavior of RF power amplifiers is criti-
cal since it affects the spectral and energy efficiency of the
communication system. Spectral efficiency is altered by the
generation of out of band energy caused by the spectrum
regrowth resulting from nonlinear amplification. Energy effi-
ciency is reduced when the power amplifier is forced to
operate in its linear region in order to circumvent its nonlinear
behavior. In order to minimize the impact of power amplifiers
nonlinearity on the overall performance of the communica-
tion system, and meet the requirements of 5G standards, the
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FIGURE 1. Simplified block diagram of the BiLSTM based DPD.

use of linearization techniques is unavoidable. Among the
various linearization techniques, digital predistortion stands
out as the most suited approach for 5G base stations. This is
mainly due to its ability to achieve satisfactory linearity per-
formance for the considered applications without significant
impact on the overall power efficiency.

The principal of digital predistortion consists of applying,
in the digital domain, a nonlinear function that is complemen-
tary to the nonlinear behavior of the PA in a way that the
cascade made of the predistorter and the amplifier behaves
as a linear amplification system. Hence, it is clear that the
performance of the digital predistorter and its ability to cancel
the distortions of the power amplifier heavily relies on the
match between the predistortion function and the nonlinear
characteristics of the power amplifier. This problem becomes
more pronounced in the case of 5G systems where the oper-
ating conditions of the power amplifier are expected to vary
often, thus requiring a very fast adaptation of the predistortion
function in order to continuously ensure optimal linearization
performance.

Two approaches can be considered in order to main-
tain the match between the predistortion function and the
amplifier nonlinearity. In the first approach, the predistortion
function is updated following changes in the PA behavior.
This allows for the use of mildly complex predistortion
functions which are suitable only for a particular set of
operating conditions such as a specific average power level
and a given signal bandwidth. Such predistorters require
frequent updates, hence this approach is often considered
as computationally demanding [1], [2]. On the other hand,
the use of scalable digital predistortion systems can be per-
ceived as a better approach for ensuring continuous match
between the predistorter’s and the amplifier’s nonlinear func-
tions [3], [4], [5], [6], [7], [8]. Scalable predistortion systems
aim at minimizing the number of predistorter parameters (for
example polynomial function coefficients) that need to be
updated following a change in the PA operating conditions.
In [3], a bandwidth and power scalable digital predistorter
using two-box structure was proposed. This model reduced
the update complexity of the two-box predistorter architec-
ture by using a set of pre-calculated memoryless lookup
tables indexed as a function of the operating average power.

FIGURE 2. LSTM cell internal structure.

The second box of the model, namely the memory polyno-
mial, was then updated to fine tune the predistortion function
and ensure its scalability while updating only a small portion
of the overall model parameters. Feature-based modeling
has also been investigated for the design of scalable predis-
torters [4], [5], [6]. In [4], a complexity reduced adaptation
techniquewas proposed to enable digital predistorters to track
changes in PA behavior with reduced complexity updates.
This technique was based on a pre-training of the digital
predistorter over a wide range of operating conditions in order
to extract common features of the PA behavior, and identify
through principal components analysis technique the model
parameters that need to be transformed to track changes in
the PA behavior. This approach was then extended to the case
of multi-input multi-output transmitters [5]. More recently,
the concept of model features extraction was also applied
for the linearization of active arrays power amplifiers for
various beam conditions [6]. The commonality between these
scalable DPD approaches is in the fact that a pre-training
over a wide range of operating conditions is needed, and that
the predistortion function is then updated with reduced com-
plexity overhead. Neural networks (NN) were also used for
scalable digital predistorters [7], [8]. In [7], transfer learning
was used to devise a bandwidth scalable digital predistorter
in which only a limited number of fine-tuning layers are
identified to update the model and ensure scalability. The fine
tuning layers represent a small portion of the full transfer
learning neural network model. Hence, this approach was
found to significantly reduce the computational cost associ-
ated with themodel update while maintaining its linearization
capability. In contrast, the uniform neural network model
uses two neural network sub-blocks to implement a power
and bandwidth scalable digital predistortion function [8].
The first sub-block is built for typical conditions while the
second sub-block is built for scalable conditions. To ensure
the accuracy of the overall neural network predistorter, the
second sub-block was trained using a wide range of operating
conditions for which the scalability is desired. In this prior
work [3], [4], [5], [6], [7], [8], at least one sub-set of the
model coefficients needs to be updated. Moreover, the model
identification and training requires the use of more than one
training signal [3], [4], [5], [6], [7], [8]. These two aspects
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FIGURE 3. Experimental setup (a) Simplified block diagram,
(b) Photograph of the actual setup.

will be addressed in the proposed predistorter which does not
require a pre-training over several operating conditions, and
does not require an update of the predistortion function.

In this paper, a neural networks based predistorter is
proposed for power amplifiers operating using 5G new
radio signals under a wide range of average powers, signal
bandwidths and carriers’ configurations. The proposed DPD
eliminates the need for frequent updates of the predistortion
function following changes in the PA operating conditions.
Another main advantage of the proposed model is that it is
trained using a single signal, and is then able to perform sat-
isfactorily over a wide range of average power levels, signal
bandwidths and even carriers’ configurations. In section II,
the use of neural networks for power amplifiers linearization
is discussed, and the proposed DPD model is introduced.
In section III, the device under test (DUT) and the experimen-
tal setup are presented and the initial results of the proposed
NN DPD are reported. Section IV thoroughly discusses the
synthesis of the scalable predistortion function and provides
comprehensive performance assessment analysis. Finally, the
conclusions are summarized in section V.

II. PROPOSED NEURAL NETWORKS BASED DIGITAL
PREDISTORTER
Neural networks have been extensively explored in the
recent years and have gained popularity due to their excel-
lent capability of acting as a black-box. Not only they can
hide the intrinsic nature of the system very well but they
can also mimic the system behavior with high accuracy.
Models based on real-valued time delay neural networks
(RVTDNN) [9], their variationwith augmented input (namely
AVTDNN) [10], and other variants stemming from densely

TABLE 1. Properties of the 5G NR signals used.

connected networks have been successfully used for digital
predistortion applications. More recently, there has been a
noticeable trend in using long-short-term memory (LSTM)
networks. In fact, LSTM networks were found to better cater
to the memory effects observed in power amplifiers behav-
ior [11], [12], [13]. LSTMmodels were also employed for the
modeling of Gallium Nitride (GaN) high-electron-mobility
transistors [14]. Bidirectional LSTM (BiLSTM) networks
are an enhanced version of the LSTM that incorporates a
bidirectional dependency within the input data. BiLSTM net-
works have shown superior linearization capabilities when
compared to the conventional LSTM [12], [13].

In this work, the BiLSTM structure was adopted to synthe-
size the digital predistortion function. The proposed model
architecture is depicted in Fig. 1. The input signal was fed
to the model through the signal shaping block which was
adopted to generate the vector of input samples to be used
to predict each output sample. In fact, when a memory depth
of M samples is considered, the input vector to the BiLSTM
network at instant n will be given by:

Xn,M = [I (n)Q(n)I (n− 1)Q(n−1) · · · I (n−M )Q(n−M )]

(1)

Typically, the length of the input vector is M + 1 such
that it includes the current sample as well as the preceding
M samples. The vector of input samples is then applied to
the BiLSTM structure. The model shown in Fig. 1 includes
a single BiLSTM layer which is made of M + 1 unit cells
for the forward propagation path, and another M + 1 unit
cells for the backward propagation path. A standard LSTM
unit cell structure was used as depicted in Fig. 2. The output
of the BiLSTM layer is then fed into a deep neural network
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FIGURE 4. Measured AM/AM of the DUT under two 5G NR test signals
(a) 10MHz signal (10M_1C), (b) 40MHz test signal (40M_4C_1001).

TABLE 2. DPD performance under matched conditions.

(DNN). Finally, the output of the DNN is fed into the output
layer which will generate the predistorter’s output signal
components Iout andQout . The number of BiLSTM layers, the
number of neurons in the DNN layer as well as the activation
functions are all expected to be device dependent parameters
that can be varied to ensure adequate accuracy. The number
of cells in the BiLSMT layer though can be selected to be
equal to the memory depth of the device under test.

FIGURE 5. Memory effects intensity of the DUT for different 5G NR test
signals.

The LSTM structure shown in Fig. 2 is a standard cell made
of a forget gate, an input gate, and an output gate. It uses
the sigmoid (sig) and tanh activation functions. The input
variablesCn−1 and hn−1 refer to the previous cell’s output and
the previous hidden state, respectively. Similarly, the output
variables Cn and hn correspond to the cell’s output and the
hidden state, respectively. The equations relating the outputs
of the LSTM cell to its inputs are standard relationships that
can be found in [15].

III. EXPERIMENTAL SETUP AND TEST CONDITIONS
The proposed digital predistortion function was validated
experimentally on a commercial GalliumNitride based power
amplifier prototype. The device under test is the CGH40010-
AMP demonstration amplifier fromWolfspeed Inc., Duhram,
NC. The DUT was driven by 5G new radio (NR) test signals
of various bandwidths, carriers’ configurations, and average
powers. The tests were performed while the DUT operated
at a carrier frequency of 2425MHz. The experimental setup
used in this work is depicted in Fig. 3. Figure 3 (a) illustrates a
simplified block diagram of the experimental setup showing
the various functional blocks. An actual photograph of the
experimental setup is presented in Figure 3 (b).

In DUT characterization mode, the complex baseband dig-
ital waveform is downloaded into the vector signal generator,
which generates the corresponding analog RF signal used to
drive the power amplifier lineup. To boost the power level
of the analog signal in order to operate the CGH40010-AMP
over its entire power range, a ZHL-42 amplifier, from Mini-
Circuits, Brooklyn, NY, was used as a driver. The output of
the DUT was first attenuated and then fed into a vector signal
analyzer which was used to perform signal down-conversion
and demodulation. The resulting in-phase and quadrature
components of the baseband signal are then used along with
the input digital waveform to model the device under test
and synthesize the predistortion function. The analog signal
generation and analysis functions were performed within the
Anritsu MS2830A which includes a vector signal generator
and a vector signal analyzer in the same chassis. In predis-
tortion mode, the NN based predistortion function is run on
the computer and the resulting predistorted signal waveform
downloaded into the vector signal generator. The output of
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FIGURE 6. Measured ACLR 1 under mismatched DPD conditions. (Legend
refers to the test signal used to derive the DPD).

the DUT is fed into the vector signal analyzer where the
DPD performance is assessed by observing the corresponding
spectra and measuring the adjacent channel leakage ratio
(ACLR).

A total of 12 5GNR test signals was used for the validation
of the proposed digital predistorter. The signals bandwidths
span from 10MHz to 40MHzwith various carriers’ configura-
tions. The characteristics of the test signals used in this work
are summarized in Table 1. The test signals were sampled at
153.6Msps and have a total of 153600 samples corresponding
to a time duration of 1ms.

The measured AM/AM of the device under test for the
10M_1C and the 40M_4C_1001 test signals are reported in
Fig. 4. These characteristics show a pronounced nonlinear
distortion along with mild memory effects as it can be seen
through the reduced dispersion for the 10MHz test signal.
Conversely, the measured AM/AM of the device under test
for the 40MHz signal exhibits significantly stronger memory
effects as expected due to the wide bandwidth of this latter
test signal. Similar behavior is also observed in the AM/PM
characteristics. These are not reported for conciseness.

To assess the ability of the BiLSTM DPD structure in lin-
earizing the DUT, a DPDwas identified for 7 out of the 12 test
signals. These signals were selected randomly in order to
cover a wide range of bandwidths and carriers’ configurations
to provide a comprehensive overview of the DPD capabilities.
For all these signals, the DPD structure and parameters as
well as the identification process were identical. The only
difference is that for each test, the DPDwas trained and tested
with the same (matched) test signal. As customary in DPD
training, only part of the test signal was used to train the DPD.
Neural networks DPDs require extensive training data when
compared to memory polynomial based DPDs, therefore the
training of the DPD was done using 70% of the signal wave-
form. The results are reported in Table 2. This table includes
the calculated NMSE after the DPD training as well as the
measured ACLR at the output of the linearized DUT. These
results show that overall the DPD is able to achieve an ACLR

TABLE 3. DPD performance comparison (benchmark vs. proposed).

FIGURE 7. Measured ACLR 1 for the proposed DPD under mismatched
power and bandwidth conditions. (Legend refers to the operating IPBO
during the linearization step).

of better than −45dBc for all test cases. However, the DPD
performance tends to be best for the narrowband signals and
degrades as the bandwidth of the test signal increases.

The objective of this work is to derive a DPD that is able,
from a single training, to linearize the amplifier while being
driven with any of the above mentioned 12 test signals to
ensure a bandwidth and carrier configuration resilient DPD.
Moreover, since the operating average power of the amplifier
might change, an additional requirement of the DPD is to
be able to linearize the power amplifier at various operating
power levels. Initial tests showed that a power range corre-
sponding to an input power back off (IPBO) between 0 and
5dB is sufficient. Here, the IPBO is defined with respect to
the saturation power of the DUT. An IPBO of 0dB implies
that the DUT is pushed up to its saturation power. The range
of variations of the input power was limited to 5dB since the
DUT was able to meet the ACLR requirements without any
linearization for lower operating power levels.

IV. BANDWIDTH, POWER AND CARRIER
CONFIGURATION RESILIENT BILSTM BASED NEURAL
NETWORK DPD
Neural networks are known for their ability to learn the intrin-
sic behavior of the system being modeled. Hence, to ensure
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FIGURE 8. Measured ACLR 1 for the ‘‘sub-optimal’’ DPDs under mismatched power and bandwidth conditions. Test signals
used for DPD identification (a) 10M_1C, (b) 20M_2C, (c) 30M_2C, (d) 40M_4C_1111. (Legend refers to the operating IPBO
during the linearization step).

that the designed DPD performs well over all the operating
conditions described in the previous section, the following
approachwas adopted. First, to ensure that themodel captures
the full power-dependent nonlinearity of the DUT, it was
decided to train the DPD for the case where the PA is operated
at 0dB IPBO. Moreover, in order to capture the full extent
of the DUT memory effects, it is required to train the model
with the test signal that emulates the strongest memory effects
in the DUT. Hence, the memory effects intensity (MEI) of the
DUT was characterized for all considered test signals [16].

The memory effects intensity can be derived from the
characterization data of the DUT by applying a memory-
less post-compensator that will cancel out the effects of the
static nonlinear distortions. Therefore, the residual distortions
observed can be attributed to the memory effects. Fig. 5
presents the memory effects intensity quantified for each of
the test signals. From the data presented in this figure, one can
conclude that the MEI gets stronger as the bandwidth of the
test signal increases. Furthermore, for signals with the same
bandwidth, the memory effects get stronger as the number of
carriers increase. For the same number of carriers, the more
empty carriers are present, the stronger the memory effects
exhibited by the DUT will get. These results helped iden-
tify the proper test condition that will emulate the strongest
memory effects. In fact, driving the DUT with a 40MHz test
signal having 4 carriers with a carrier configuration of 1001
(test signal 40_4C_1001) will lead to the strongest memory
effects.

Based on this analysis, the proposed BiLSTM DPD was
trained from the characterization data in which the PA was
driven by the 40_4C_1001 test signal while operating at its
peak output power (IPBO=0dB). This corresponds to the
case that emulates the strongest memory effects and nonlin-
earity. This DPD was trained using 70% of the waveform
corresponding to the 40_4C_1001 test signal, and was later
applied to linearize the power amplifier driven by the other
11 test signals, while operating at 0dB IPBO. These 11 test
signals represent unseen data for the DPD since they were not
used during the training step. The measured ACLR data at the
output of the linearized amplifier with this mismatched DPD
are reported in Fig. 6. For comparison purposes, this figure
also includes the results derived when applying the 6 other
DPDs derived from the characterization of the DUT with the
test signals listed in Table 2. For a better representation of
the results, the signals on the x-axis are listed in descending
memory effects intensity. Table 3 compares the performance
of the benchmark DPDs when applied under matched con-
ditions and that of the proposed DPD. This table shows that
overall the proposed DPD maintains the same linearization
performance as the benchmark DPDs.

A general trend that can be observed is that the BiLSTM
structure can overall learn the DUT behavior fairly well
for signals with comparable conditions. However, its per-
formance quickly degrades when applied to linearize the
PA driven by significantly more stressful test signals. Most
importantly, the proposed approach is the only one that leads
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FIGURE 9. Sample of measured spectra at the output of the linearized amplifier under mismatched bandwidth conditions at
0dB IPBO. (a) 10M_1C, (b) 20M_1C, (c) 20M_2C, (d) 30M_2C, (e) 40M_1C, (f) 40M_4C_1111.

to a DPD able to meet the 45dBc ACLR threshold for all
test signals. It is important to emphasis that this DPD was
only trained with one test signal, and then able to linearize
the amplifier operating with 12 different test signals with
bandwidths ranging from 10MHz to 40MHz.

To further assess the resilience of the proposed DPD to the
operating conditions, the IPBO was varied from 0dB to 5dB
in steps of 1dB by controlling the average power of the input
signals applied to the predistorter. In these tests, the proposed
predistorter was used to linearize the DUT while operating
under 72 different conditions (12 different test signals with
power levels varied over 6 values for each test signal). The
measured ACLR at the output of the DUT when linearized
by the proposed DPD are reported in Fig. 7.

The data of Fig. 7 shows that, for the proposed DPD, the
ACLR of 45dBc is met under all operating conditions. For
comparison purposs, the same test was repeatedwith the other

DPDs and the results are summarized in Fig. 8 for 4 of these
cases. As it can be seen in the plots of Fig. 8, a performance
deterioration is observed. This performance deterioration is
mainly function of the signal bandwidth but not the operating
power levels. This indicates that the predistorters were able
to predict the nonlinear behavior of the DUT (since they
were trained from peak power condition at an IPBO of 0dB),
however, their performance degradation is mainly due to their
inability to predict the memory effects. Therefore, for a given
test signal there is no significant performance degradation
with respect to the power level.

The measured spectra at the output of the linearized ampli-
fier are reported in Fig. 9. This figure includes the measured
spectra at the output of the linearized amplifier obtained
using the proposed DPD, and using the matched DPD. The
matched DPD corresponds to the DPD derived when the PA
was characterized with the same test signal that is being used
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FIGURE 10. Measured ACLR 1 for the GMP DPD under mismatched power
and bandwidth conditions.

for performance assessment. For example, for the 40M_1C
case, the matched DPD is the one derived from a charac-
terization data in which the PA was driven by the 40M_1C
test signal. In all cases, the proposed DPD corresponds to
the DPD derived from the PA characterization using the
40M_4C_1001 test signal. To assess the performance of the
designed DPDs, the output spectra before linearization are
also included.

The spectra reported in Fig. 9 clearly show that the pro-
posed predistorter leads to a performance similar to that of a
matched predistorter for bandwidths ranging from 10MHz to
40MHz, and for various carriers’ configurations.

To further compare the proposed DPD to other standard
DPDs, a generalized memory polynomial (GMP) DPD was
considered [17]. The GMP DPD relates the input signal to
output signal according to:

xGMP_Out (n) =

N∑
i=1

M∑
j=0

aij · xin (n− j) · |xin (n− j)|i−1

+

K∑
k=1

NK∑
i=1

MK∑
j=0

bijk · xin (n− j) ·

× |xin (n− j− k)|i−1

+

L∑
l=1

NL∑
i=1

ML∑
j=0

cijl · xin (n− j) ·

× |xin (n− j+ l)|i−1 (2)

where xGMP_Out (n) and xin (n) are the output and input
samples of the DPD, respectively. N , M and aij are the
nonlinearity order, the memory depth, and the coefficients
of the time-aligned sub-function of the generalized memory
polynomial DPD. K and L represent the order of the lagging
and leading cross-terms of the DPD function, respectively.
NK ,MK and bijk are the nonlinearity order, thememory depth,
and the coefficients of the lagging cross-terms sub-function
of the GMP DPD, respectively. Similarly, NL ,ML and cijl are
the nonlinearity order, the memory depth, and the coefficients
of the leading cross-terms sub-function of the GMP DPD,
respecively.

FIGURE 11. Measured ACLR 1 under mismatched DPD conditions.
(a) Benchmark GMP DPD, (b) Proposed DPD.

The GMP model was derived from the same charac-
terization data used to generate the proposed model. This
corresponds to the DUT operating at peak power level with
the signal leading to the strongest memory effects intensity.
The corresponding GMP DPD was then applied to linearize
the DUT while operating under the same conditions used
to derive the data of Fig. 7. The measured ACLR under all
these test conditions are compiled in Fig. 10. This figure
shows that the GMPDPD performance degrades as a function
of the signal type and most importantly as a function of
the operating power level. Fig. 11 summarizes the perfor-
mance of the GMP DPD and the proposed DPD in terms
of ACLR at the output of the linearized PA as a function
of the signal type and its operating IPBO. In these tests,
the GMPDPD and BiLSTMDPD remained unchanged while
the DUT operating conditions were varied. The flatness of the
ACLR results obtained with the proposed DPD drastically
contrast with that of the GMP based DPD for which the
ACLR degrades significantly especially with changes in the
IPBO.

Fig. 12 includes the measured spectra at the output of the
linearized amplifier using the proposed BiLSTM DPD and
the GMP DPD. Both DPDs were generated from the same
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FIGURE 12. Sample of measured spectra at the output of the linearized amplifier under mismatched power and bandwidth
conditions at 2dB IPBO using the GMP and the BiLSMT predistorters. (a) 10M_2C, (b) 30M_1C, (c) 40M_2C, (d) 40M_4C_1101.

characterization data (that is with the 40M_4C_1001 test
signal). During the test, the PA was operated at an IPBO
of 2dB. The spectra reported in this figure show the abil-
ity of the proposed predistorter to maintain its performance
under power and bandwidth mistmach conditions while they
clearly point out the limitation of the GMP DPD for such
cases.

Considering all spectra corresponding to the matched DPD
in Figures 9 and 12 illustrates the robustness of the proposed
predistorter in maintaining the linearity performance under a
wide range of operating conditions.

When considering all the results, it appears that compared
to the GMP DPD, the BiLSMT structure is able to better
capture the inherent behavior of the DUT that is emulated
during the characterization process. Most importantly, it has
been demonstrated that the proper selection of the DPD struc-
ture along with the test conditions used to generate the DPD
can lead to a power, bandwidth, and carrier configuration
resilient predistorter. It is very important to emphasize that
the proposed DPD performs well over a wide range of unseen
test signals and that it does not require any update (even
partial) when the operating conditions change. Therefore,
this proposed solution is far more attractive and useful than
scalable predistorters which require one form or another of
update and scalability.

It is important to note here that the maximum bandwidth
of the experimental setup used in this work was limited to
160MHz. Hence, the maximum bandwidth of the input signal
was limited to 40MHz. However, it is anticipated that the

approach and results presented in this work can be extended
to wider bandwidths.

V. CONCLUSION
In this paper, neural networks were used to develop a power-
bandwidth- and carriers’ configuration resilient digital pre-
distorter suitable for 5G applications. This predistorter was
derived using the bidirectional long-short-term memory neu-
ral networks. It has been shown that the proposed model can
maintain satisfactory linearization performance when used to
linearize the power amplifier driven by unseen data with vari-
ous bandwidths and average power levels. The training of the
proposed DPD was performed only once using a test signal
that emulates a comprehensive dynamic nonlinear behavior
of the DUT. For experimental validation, the proposed DPD
was trained once and then applied to linearize a GaN based
power amplifier operating under 72 different conditions that
covered variations in the signal power, signal bandwidth
and carriers’ configuration. The proposed DPD was able to
maintain standard compliant ACLR over all considered test
conditions. Such predistorter is an enabling technology for
future communication infrastructure where a key require-
ment is a fast update of the predistortion function. Not only
does this predistorter achieve this requirements, it completely
eliminates the need for update following a change in the
signal power, bandwidth or carriers configuration. Future
improvement can be built on these results to propose a fully
resilient DPD under a wider range of varying conditions such
as temperature, etc. . .
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