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Abstract—In MIMO transmitters, antenna coupling effects
can cause load modulation in the active power amplifier (PA)
array, changing the nonlinearity of the PAs and impairing the
effectiveness of conventional digital predistortion methods. This
paper presents a new technique to linearize nonlinear PA arrays
in digital MIMO systems, utilizing a novel concept of dual-
input time-delay neural networks (NNs). The effectiveness of the
proposed dual-input NN approach in linearizing the PA array
under load modulation is demonstrated by RF measurement-
based experiments at 2.1 GHz. The proposed method shows clear
improvements and enhanced performance-complexity tradeoffs
over the existing NN-based state-of-the-art models.

Index Terms—5G, 6G, active array transmitters, antenna
crosstalk, behavioral modeling, digital predistortion, load modu-
lation, MIMO, neural networks, power amplifiers.

I. INTRODUCTION

Modern wireless communication systems rely heavily on
multiple-input multiple-output (MIMO) technology. Conven-
tional MIMO systems of small scale include isolators to
prevent load modulation effects of power amplifiers caused by
antenna coupling [1]. However, large-scale antenna systems use
highly integrated PA-antenna systems. Such highly-integrated
structures have little space for isolators, leaving PAs exposed
to load modulation caused by antenna coupling, deteriorating
the linearity and energy efficiency of PAs [1].

Previous methods on MIMO array linearization and modeling
under load modulation include mathematical models, such
as multi-input polynomial model [2] and dual-input polyno-
mial model [3]–[5]. Apart from physics-inspired model-based
methods, neural network (NN)-based methods have also been
studied and developed for MIMO arrays. To this end, a multi-
input real-valued time-delay neural network (RVTDNN) has
been proposed to compensate PA nonlinearity, I/Q imbalance,
and DC offset effects [6]. Recently, an augmented multi-
input RVTDNN has been proposed and applied in MIMO PA
array modeling [7], shown to provide improved performance
compared to the dual-input and multi-input polynomial models.
Such an approach thus reflects the current state-of-the-art.

In this paper, we propose a novel NN-based method for
linearizing active array MIMO transmitters with strong mutual
coupling and nonlinear PAs under load modulation effects.
Specifically, the proposed approach applies an additional hidden
layer to model mutual coupling effects and thus reduce the
complexity of the NN structure, compared to the existing
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Fig. 1. Illustration of a nonlinear multi-antenna PA array with K transmitting
paths while also highlighting the cross-talk signals resulting into the load
modulation phenomenon.

multi-input solutions, leading as a whole to a novel dual-
input neural network linearization concept. The state-of-the-
art augmented multi-input RVTDNN [7] and a conventional
single-input RVTDNN are used as reference methods, and
compared against the proposed method via RF measurements.
The proposed dual-input NN method shows clear improvements
in terms of linearization performance under fixed processing
complexity in terms of the amount of NN weights.

The rest of the paper is organized as follows. The fundamen-
tal system model and relevant prior art are shortly reviewed in
Section II. In Section III, the proposed dual-input NN DPD is
described together with its training process. The experimental
environment and the obtained linearization performance are,
in turn, presented in Section IV. Finally, the conclusions are
given in Section V.

II. SYSTEM MODEL AND PRIOR ART

A. Nonlinear PA Array Under Load Modulation
The considered array transmitter system model with K

transmit paths and K streams is conceptually illustrated in Fig.
1. Each transmit path operates in the same frequency band and
includes a radio-frequency power amplifier, connected to an
antenna element in the array. Dashed lines in the figure illustrate
the coupling effect between antennas. All models in the rest
of this section are described using baseband equivalents with
complex values in the discrete-time domain. For notational
simplicity, we occasionally omit the time dependency of the
signals, e.g., we denote the signal a1k(n) simply as a1k.

Now, in the kth TX path, a1k(n) stands for the predistorted PA
input signal, while b2k(n) stands for the PA output. Furthermore,
a2k(n) denotes the crosstalk signal, which is defined as



a2k =

K∑
i=1,i̸=k

λikb2i. (1)

Here, λik is the coupling coefficient from the ith transmitting
antenna to the kth transmitting antenna. The output signal
of the kth PA b2k(n) can then be expressed by a complex
dual-input memoryless polynomial [3] as
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Here, αkp, βkp and γkp are complex PA model coefficients
and P represents the polynomial order. While the above model
is memoryless, a dual-input memory polynomial model can
also be formulated by introducing memory terms [3], [5].

To model and compensate for nonlinear distortion in
MIMO transmitters under crosstalk, multi-input MIMO memory
polynomial (MMP) approaches have also been proposed
[2]. However, the increase in the number of independent
input signals and the model’s order pushes the number of
coefficients to increase exponentially [7]. In small-scale arrays,
the coefficient increase may still be tolerable but in large-scale
arrays, the complexity concerns become further pronounced.
Thus, due to complexity-related concerns, the utilization of the
MMP model is in practice restricted to small arrays.

B. Reference NN Methods

We next shortly review two existing NN DPD architectures
utilized then also as reference or benchmark methods in our
experiments. The Reference Method 1 is an augmented real-
valued time-delay neural network [8] with 2 hidden layers.
The NN is assumed to be applied in each transmitting path
independently, without the information of other transmitting
paths. Thus for the kth PA in the array, the input features are
generated from a1k(n) only. The input features include the
real and imaginary parts as well as the magnitudes (envelopes)
of the time-delayed array input signals a1k(n − m), with
k = 0, 1, ...,K and m = 0, 1, ...,MSI, where MSI denotes the
maximum considered sample delay. Since this neural network
considers only the current input signal a1k(n), similar to a
conventional single-input nonlinear polynomial model, we refer
to this structure as single-input neural network (SI-NN).

As an improvement for load modulation compensation, we
also consider the state-of-the-art method proposed recently in
[7]. This approach, referred to as the Reference Method 2,
builds also on a fully-connected neural network with 2 hidden
layers. However, different from the SI-NN, the input features
of this more advanced approach contain the transmitted signals
in other paths. Thus, for the k-th PA in the array, the input
features are generated from the current input signal a1k(n) and
the input signals to other PAs a1l(n), with l = 0, 1, ...,K and
l ̸= k. The input features are the real and imaginary parts as
well as the magnitudes (envelopes) of the time-delayed input
signals a1k(n−m) and a1l(n−m), with m = 0, 1, ...,MMI.
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Fig. 2. Graphical illustration of the proposed dual-input neural network DPD
architecture, for generating the DPD output for transmit path k.

Since this network considers multiple input signals, we refer to
this structure as multi-input neural network (MI-NN). The input
layer of MI-NN will be referred to as X1,MI in the following
sections. While the MI-NN method considers load modulation,
a drawback of this approach is that the complexity of the
method is related to the size of the array, similar to the MMP
model. A larger array with larger K increases the amount of
input features, expanding the size of the input layer X1,MI. This
is the main performance benchmark for the proposed method,
since the results in [7] show that MI-NN can outperform the
corresponding multi-input memory polynomial approaches.

III. PROPOSED METHODS

In this section, we present our proposed dual-input NN-DPD
approach. The proposed structure is able to tackle the load
modulation effect and has improved performance-complexity
behavior compared with the reference methods, as demonstrated
through the numerical results in Section IV.

A. Dual-Input Neural Network Architecture

The proposed NN method is inspired by the popular dual-
input polynomial model and is therefore referred to as dual-
input neural network (DI-NN) in the continuation. The proposed
architecture follows a feedforward fully-connected neural
network with time-delayed input features, as shown in Fig.
2. For an array with K power amplifiers, the input features
to the proposed DI-NN are the real and imaginary parts
as well as the magnitudes (envelopes) of the time-delayed
array input signals a1k(n − m), with k = 0, 1, ...,K and
m = 0, 1, ...,MDI, where MDI denotes the maximum number
of sample delays. Furthermore, the input features also contain
the real and imaginary parts of the input signals to other power
amplifiers a1l(n), l ̸= k and l = 0, 1, ...,K, without time delay.
The output layer produces the real and imaginary parts of the
predicted array output signal for the kth PA, b̂2k(n), which are
combined to generate complex signals for further processing.

Importantly, the DI-NN DPD contains two input layers
X1 andX2. The features generated from current input signal
a1k(n) are fed to the first input layer X1, while features generated
from input signals to other power amplifiers a1l(n), l ≠ k are fed
to the second input layer X2. The input layer X2 is connected to



a hidden layer H3, which creates output features containing the
information from other PAs’ input signals. The hidden layer H3

is fully linear, and essentially combines the signals from other
transmitting paths and produces internal features accounting for
the mutual coupling. The outputs of H3 and X1 are fed to a
concatenation layer H4, which is connected to the hidden layer
H1. At this stage, the hidden layer H1 receives all the required
input features while passing its outputs to the next hidden layer
H2, which is connected to the output layer of the neural network.
Finally, the output layer generates the predistorted signal for the
considered transmit path.

The proposed DI-NN method has reduced complexity com-
pared to the MI-NN method. The number of input features
of DI-NN is smaller than that of MI-NN, since no magnitude
and memory information of other PA inputs is required for
DI-NN, while they are essential for MI-NN. Also, the hidden
layer H3 summarizes the features from PA inputs in other
transmitting paths, significantly reducing the number of neurons
connected to the hidden layer H1 in large-scale array scenarios.
Consequently, the complexity of DI-NN is largely reduced in
comparison to MI-NN. On the other hand, the input features
required by SI-NN are fewer than DI-NN, as SI-NN considers
only the features of the current transmitting path. However, DI-NN
largely outperforms SI-NN in linearization, since SI-NN cannot
compensate or account for load modulation.

B. Neural Network Training

In terms of neural network training, the widely applied
backpropagation approach together with Adam optimizer are
applied. The training data sets for the proposed method are
acquired using the iterative learning control (ILC) principle
[9]. In general, ILC is an iterative method for obtaining the
target predistorted signal, which results in a linearized PA output
[10], [11]. Such ILC approach has been applied to assist neural
network training in previous works in the DPD field, such as [12],
and is also utilized here. Mean squared error (MSE) between
the predicted output and the target ILC-based output is chosen
as the loss function in training process, when both signals are
normalized to unit root mean square power. Also, the activation
function of each layer is hyperbolic tangent. The training for
the proposed NN structure lasts 2 000 epochs, with a batch size
of 512. Furthermore, the learning rate is selected as a decaying
learning rate with the initial learning rate being 0.001, a decay
step of 10 000 and a decay rate of 0.95. During the training
process, the number of nodes in each layer are selected such
that reference methods and proposed methods have similar
complexity, forming a fair comparison between the structures.

IV. NUMERICAL RESULTS

A. Experimental Scenario and Datasets

The dataset used for creating training data consists of input-
output signals collected from real RF measurements, carried out
using the available RF WebLab Environment [13] at 2.1 GHz.
The environment allows us to measure the output signals and
the reflected signals from a single PA. The load-pull technique
with coupling emulation from [14] is employed, where the

coupling is repeatedly introduced on a device under test (DUT)
by feeding a synthetic coupling signal to the output port of
the DUT. In our experimental scenario, the DUT is a 6 W
GaN power amplifier (CGH40006TB). The antenna coupling
is assumed to be a geometric, distance-based coupling model, and
the magnitude of the coupling to the nearest antenna element is set
as −10 dB, representing strong and challenging coupling between
the antennas. The antenna array itself is assumed to be an 8× 1
uniform linear array (ULA) that transmits independent OFDM
waveforms in each transmit path, accounting for the viability of
our proposed method in the context of digital MIMO.

To generate digital TX waveforms, several random realizations
of OFDM waveforms are utilized. The waveforms follow the 5G
NR standard [15], with a fully-allocated channel bandwidth of
60 MHz, a sub-carrier spacing of 30 kHz, and an oversampling
factor of 8. A windowing process is also applied for improved
bandlimitation of the digital waveform. Furthermore, the peak-to-
average power ratio (PAPR) of the digital waveform is limited to
8 dB, via iterative clipping and filtering, leading to around 1.5–
2.2% error vector magnitude (EVM) floor. Training and validation
datasets are collected with the same OFDM signal configuration
but with randomly generated subcarrier modulation symbols. The
validation dataset contains 50 OFDM waveform realizations, each
of length 0.5 ms (1 slot in NR) and is used to test the performance
of the proposed methods with independent input realizations.

B. Evaluation Metrics and Linearization Performance

The EVM and adjacent channel power ratio (ACPR) are used
as the main quantitative performance metrics, while the error
spectra of the linearized PA outputs are also illustrated and
shown. In the experiments, we model the behavior of the Weblab
emulated array using a multi-input neural network model. This
method has been proven to give accurate modeling performance
[7]. The array model is used to validate the performance of the
predistortion by feeding the predistorted signal through it.

The NN DPD solutions are parametrized such that they all
have comparable parameter counts, the exact baseline numbers
for one path being 513 (SI-NN), 511 (MI-NN), and 514 (DI-NN),
while the dimensions of the hidden layers in the form of [hidden
layer 1, hidden layer 2] are [22, 9] (SI-NN), [5, 3] (MI-NN), and
[20, 8] (DI-NN). All NN structures have the same memory depth
of 3. This parametrization is used in all the upcoming results, as
baseline, while also larger networks with some 1 070 parameters
are deployed for comparison purposes.

First, Fig. 3 illustrates example error spectra obtained with
SI-NN, MI-NN, and the proposed DI-NN for one of the PAs in
the experiments, while also showing the unlinearized measured
PA output spectrum for reference. The high error spectral
density visible for SI-NN DPD compared with the other two
methods emphasizes the importance of the load modulation
and appropriate processing of the other PA signals in the
linearization stage. The error spectrum of the proposed DI-NN
approach is clearly the lowest or best among the three.

Further quantitative results are provided in Tables I and II,
which collect the EVM and ACPR values of unlinearized PA
outputs as well as those of the linearized PA outputs using
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Fig. 3. Illustration of measured unlinearized output spectrum and the
corresponding error spectra with different DPD schemes for PA 4, with
approximately 510 parameters in each of the NN solutions.

different NN-based DPD structures. The tables cover results
with baseline NN sizes (around 510 parameters) as well as larger
NNs with around 1 070 parameters. First, the EVM values of SI-
NN are the worst among all the NN methods, exhibiting limited
linearization performance. The PA-wise EVM values of proposed
DI-NN and MI-NN are, in turn, very similar showing less than
0.2% mutual differences in all the scenarios. Furthermore, in
terms of ACPR, the proposed DI-NN DPD performs constantly
better than the other methods with around 510 parameters,
showing substantial improvements in the order of 2.5 up to
even 5.6 dB. When the parameter amount increases to around
1 070, the performance of MI-NN improves, but still results into
0.1−1.6 dB worse ACPR compared to the proposed DI-NN DPD.

Overall, the proposed DI-NN DPD achieves high accuracy
in linearizing the active PA array under severe mutual coupling
and load modulation. Compared with the reference methods,
the proposed method exhibits improved performance for a
given processing complexity in terms of NN parameter count.

V. CONCLUSION

In this paper, we presented a novel dual-input neural network-
based method for linearization of power amplifiers in active
antenna arrays with multiple digital transmit paths under antenna
coupling and load modulation. With RF measurement-based eval-
uations, we demonstrated that the proposed method significantly
improves the active array linearization performance compared
to other NN-based reference methods. Compared to the state
of the art multi-input NN DPD benchmark, remarkable ACPR
improvements in the order of several dB’s were demonstrated
with given, implementation-feasible parameter amounts. Such
improvements are especially important for applications requiring
a low-complexity linearization solution to optimize the transmit-
ter performance and energy efficiency in digital MIMO systems.
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