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Abstract—The use of up to hundreds of antennas in
massive multi-user (MU) multiple-input multiple-output (MIMO)
orthogonal frequency division multiplexing (OFDM) poses a
complexity challenge for digital predistortion (DPD) aiming
to linearize the nonlinear power amplifiers (PAs). While the
complexity for conventional time domain (TD) DPD scales
with the number of PAs, frequency domain (FD) DPD has
a complexity scaling with the number of user equipments
(UEs). In this work, we provide a comprehensive analysis of
different state-of-the-art TD and FD-DPD schemes in terms of
complexity and linearization performance in both rich scattering
and line-of-sight (LOS) channels and with antenna crosstalk. We
propose a novel low-complexity FD convolutional neural network
(CNN) DPD. We also propose a learning algorithm for any
FD-DPDs with differentiable structure. The analysis shows that
FD-DPD, particularly the proposed FD CNN, is preferable in
LOS scenarios with few users, due to the favorable trade-off
between complexity and linearization performance. On the other
hand, in scenarios with more users or isotropic scattering
channels, significant intermodulation distortions among UEs
degrade FD-DPD performance, making TD-DPD more suitable.
The proposed learning algorithm allows FD-DPDs to outperform
TD-DPD optimized by indirect learning architecture under
antenna crosstalk.

Index Terms—Massive MIMO, power amplifiers (PAs), digital
predistortion (DPD), antenna crosstalk, time domain (TD),
frequency domain (FD), deep learning, neural networks (NNs).

I. INTRODUCTION

In 5G and beyond, enhancing the power efficiency of
the power amplifier (PA) is imperative because operating at
a high power level often leads to nonlinear distortion [2].
To operate efficiently, digital predistortion (DPD) is a
common approach employed to linearize the PA [3]. However,
handling up to several hundreds of PAs in massive multi-user
(MU)-multiple-input multiple-output (MIMO) systems presents
a complexity challenge for the DPD, creating a power
consumption imbalance that shifts heavily toward DPD [2].
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Furthermore, DPD typically operates with oversampling rates
of five times the signal bandwidth to prevent aliasing effects,
which further exacerbates the power consumption of DPD
with high bandwidth signals. Additionally, low-complexity
DPD is crucial for future systems adopting large-scale
MIMO technology, such as satellite MIMO and THz MIMO
systems [4], [5], where the wide bandwidth and large number
of antennas and PAs present challenges in maintaining
high performance and efficiency without excessive power
consumption and complexity. These factors motivate the
growing need for low-complexity DPD.

In fully digital massive MIMO systems, DPD is typically
implemented in the time domain (TD), where each PA requires
an independent DPD, referred to in this paper as TD-DPD.
This approach results in a linear increase in computational
complexity with the number of PAs, significantly increasing
power consumption and affecting the deployment of digital
precoding in frequency range 1 (FR1) [2], [6]. In contrast to
hybrid or analog MIMO systems, which utilize fewer radio
frequency (RF) chains than the number of antennas and can
share DPD across subarrays or even the entire array [3], [7]–[9],
fully digital MIMO systems cannot take advantage of this
power-saving DPD deployment. We consider a fully digital
MIMO system operating within FR1, a feasible configuration
as demonstrated by prior studies [10], [11]. As an alternative to
TD-DPD, placing DPD in the frequency domain (FD) before the
digital precoder and inverse discrete Fourier transform (IDFT)
of OFDM offers a cost-effective solution, known as FD-DPD
or beam-domain DPD [1], [12]. This approach notably reduces
complexity, scaling with the number of user equipments (UEs)
rather than PAs, thus addressing the DPD complexity issue.
While FD-DPD generally has worse linearization performance
than TD-DPD, due to its operation in lower dimensions [1],
higher levels of out-of-band (OOB) nonlinear distortion can be
tolerated in MIMO systems [13], [14]. This makes the choice
of TD-DPD vs FD-DPD far from obvious.

Several works [1], [9], [12], [15], [16] conduct a comparison
between FD-DPD and TD-DPD, but only give results in
a line-of-sight (LOS) channel or with an analog-/hybrid-
beamforming array architecture. Our initial work [1] makes a
performance and complexity comparison in a Rayleigh fading
channel with a fully digital array, albeit focusing solely on
in-band linearization performance. In [9], the proposed DPD
scheme and comparison are focused exclusively on a single
UE and analog-beamforming. [15], [16] explores fully-digital
MIMO but is limited to frequency-flat LOS channels, with no
in-band linearization results for comparison. [12] considers fully
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digital MIMO, but it employs a two-stage precoding strategy
based on correlated channels, restricting the applicability of
the proposed DPD scheme to fully digital precoding. The
referenced studies lack comparisons in rich scattering fading
channels and ignore the effects of antenna crosstalk, which
can be severe due to closely spaced antennas. From the above
studies, no clear conclusion can be drawn on which type of DPD
is preferable under different channel conditions and antenna
crosstalk.

In this paper, we address the existing knowledge gap in DPD
design for digital MIMO systems by providing a comprehensive
analysis of state-of-the-art TD and FD DPD schemes, along
with a novel convolutional neural network (CNN)-based
FD-DPD, for fully digital massive MU-MIMO-orthogonal
frequency division multiplexing (OFDM) systems. Our analysis
covers both complexity and performance aspects across various
channel scenarios and antenna crosstalk conditions, offering
valuable insights for selecting the most suitable DPD scheme
based on specific computational constraints and linearization
requirements. This work extends our previous study [1] by
generalizing the results to two realistic channel scenarios and
introducing new results on OOB linearization performance
under both linear and nonlinear antenna crosstalk. Additionally,
we propose a new FD-CNN structure that further reduces
complexity in MU scenarios. Our contributions are:

• A new low-complexity FD-DPD: We propose a
CNN-based DPD called FD-CNN, which addresses the
complexity challenges associated with the increasing
number of PAs in fully digital massive MIMO systems.
Incorporating CNN in the FD is novel compared to existing
TD CNN-based DPDs [17], [18]. Moreover, FD-CNN
distinguishes itself from existing FD-DPDs by eliminating
the need for high-complexity IDFT and DFT operations.
As a result, FD-CNN significantly reduces computational
complexity compared to existing TD and FD-DPD schemes
while meeting the necessary in-band and out-of-band
linearization requirements across various scenarios.

• A new FD-DPD learning algorithm: We propose a novel
FD-DPD learning algorithm applicable to any differentiable
FD-DPD model. Training FD-DPDs is challenging because,
unlike TD-DPDs, which can be learned using the indirect
learning architecture (ILA), the desired output in FD-DPD
is unknown due to domain and dimensionality mismatches.
Our algorithm overcomes this issue by enabling supervised
learning through pre-trained PA models and precoders. This
approach effectively optimizes state-of-the-art FD-DPDs to
correct both PA nonlinearity and antenna crosstalk.

• Comprehensive complexity analysis: We conduct a
comprehensive complexity comparison between the
proposed FD-CNN DPD and other state-of-the-art TD and
FD-DPD schemes using the number of FLOPs as a function
of the number of BS antennas and UEs in fully digital
massive MIMO systems. This exact complexity calculation
is missing in the literature. This detailed analysis accurately
reflects the complexity across different configurations, aiding
in the selection of an appropriate DPD within given
computational constraints.

• Comprehensive performance analysis: We compare
in-band and OOB linearization performance for various
TD and FD-DPD schemes in isotropic scattering and LOS
channels, including scenarios with antenna crosstalk, for
varying numbers of UEs in fully digital massive MIMO
systems. This comparison aids in selecting the appropriate
DPD for specific linearization needs. The results show
FD-DPD’s effectiveness in scenarios with few UEs (< 4 in
LOS and < 10 in isotropic scattering channels) and under
antenna crosstalk, while TD-DPD is more effective in other
scenarios.
The remainder of the paper is organized as follows. Section

II outlines the system model. Section III examines PA distortion
radiation in two different channel scenarios, motivating the
relaxation of OOB linearization requirements. Section IV
introduces the proposed FD-CNN DPD and contrasts it against
commonly used TD and FD DPD schemes, from complexity
and performance perspectives. Finally, Section V presents a
quantitative analysis of the complexity and performance of
various DPD schemes across two channel scenarios.

Notation: Lowercase and uppercase boldface letters denote
column vectors and matrices such as x and X; Letters with and
without check marks such as x̌ and x indicate quantities in the
FD and TD, respectively. xH denotes the Hermitian transpose
of x; R and C denote real and complex numbers, respectively;
x[n] denote the n-th element of x, and x[n : n+ k] denotes
a vector consisting of the n-th to (n + k)-th elements of x;
the B × U all-zeros matrix and the U × U identity matrix
are denoted by 0B×U and IU , respectively; E{x} denotes the
expectation of x.

II. SYSTEM MODEL

In this section, we provide the basic models of the
communication signal, the channel, and the power amplifier.

A. Linear MU-MIMO-OFDM System Model

We consider a massive MU-MIMO-OFDM downlink system
model as shown in Fig. 1. The base station (BS) is equipped
with B antennas and transmits messages to U � B
single-antenna UEs in the same time-frequency resource using
spatial multiplexing. All hardware components, including
digital-to-analog converter (DAC), mixer, oscillator, and PAs
are assumed to be ideal. We use the same OFDM system model
as in [19]. Each OFDM symbol consists of N subcarriers with
Nd data subcarriers and Ng = N −Nd guard subcarriers. The
subcarrier spacing is denoted by ∆f . Accordingly, the sampling
and symbol rate are defined as fs = N∆f and fd = Nd∆f ,
respectively. The symbol time is denoted by Td = 1/fd. The
upsampling operation is conducted by a large IDFT size N
with an over-sampling rate (OSR) R = N/Nd.

1) Transmit Signal: Let š[k] ∈ CU denote the symbol vector
for U UEs at subcarrier k in the FD, generated independently
from a normalized M -QAM constellation with E{|šu[k]|2} =
1. Under a flat-fading channel for each subcarrier, the linear
precoder maps š[k] to x̌[k] ∈ CB as [19], [20]

x̌[k] = W̌ [k]š[k], (1)
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Fig. 1: Baseband equivalent system model of a massive MU-MIMO-OFDM downlink with nonlinear PAs in each RF chain of the BS. The conventional TD
per-antenna DPDs take place before each PA while FD-DPD operates before the precoder. Crosstalk between each RF chain due to coupling happens before
and after the PAs.

where W̌ [k] ∈ CB×U denotes the FD precoding matrix for
subcarrier k. The transmitted signal satisfies the average power
constrain E{‖x̌[k]‖2} = PT. The expectation is over the
symbols of all UEs, and PT denotes the average transmit
power, excluding the power amplification by the PAs. In this
paper, we consider linear precoders due to their low complexity
and good performance [21]. The precoded vectors x̌[k] are
transformed to TD by N -size IDFTs, where the TD signal
vector at time sample n, x[n] ∈ CB , is given by

x[n] =
1√
N

N−1∑
k=0

x̌[k] exp (j2πkn/N) . (2)

2) Channel Model: Assuming receivers are much farther
from the array than the transmitter’s aperture, i.e., in the
far-field [22], the channel’s frequency response from the b-th
antenna of the BS linear array to position p ∈ R3 at subcarrier
k is modeled as [23]

ȟp,b[k] =
1√
L

L−1∑
l=0

βp,le
−j2π(fcτp,l+b sin θp,l/2)e−j2πk∆fτp,l ,

(3)
where τp,l and θp,l are, respectively, the delay and the
angle-of-departure (AoD) of the signal from the linear array to
position p associated with path l. fc is the carrier frequency. In
total, there are L propagation paths with uniformly distributed
delays between 0 and the delay spread δτ . The number
of significant taps in the channel response is defined by
γ = dRστ/Tde. The large-scale fading, including the pathloss
and shadowing, from the array to position p for the t-th path
is modeled by βp,l ∈ R+.

We use the channel response (3) to model two
channel scenarios: frequency-selective isotropic fading and
frequency-flat LOS propagation.
• Frequency-selective isotropic fading: The channel

response (3) models isotropic fading by assuming that
the number of paths L is large with AoD uniformly
distributed over [−π/2, π/2]. Then it is common to use
the uncorrelated Rayleigh fading channel model [23]

ȟp,b[k] =
1
√
γ

γ−1∑
t=0

hp,b,te
−j2πkt/N , (4)

where each time domain channel tap gain is independently
distributed as hp,b,t ∼ NC(0, σ2

βp
) with large-scale fading

coefficient σ2
βp

. Different numbers of channel taps γ model
different degrees of frequency selectivity.

• Frequency-flat LOS propagation: The channel response (3)
models pure LOS propagation assuming that the number

of paths L = 1 and the channel response is the same for all
subcarriers. Thus, we can rewrite the channel response (3)
by dropping the path subscript (i.e., βp,0 = βp and θp,0 =
θp) as

ȟp,b[k] = βpe
−j2π(fcτp+b sin θp/2), (5)

where the AoD of the LOS path are defined based on
the geometry by θp = arccos (p[1]− pBS[1]/‖p− pBS‖).
Here, pBS denotes the BS position.

The channel frequency response from the array to user u at
position pu and subcarrier k is given by

ȟpu
[k] = [ȟpu,0[k], · · · , ȟpu,B−1[k]]T ∈ CB . (6)

Stacking all ȟpu
[k] from different UEs into a matrix yields

the channel matrix for all U UEs at subcarrier k,

Ȟ[k] ,
[
ȟp0

[k], · · · , ȟpU−1
[k]
]
, (7)

where we drop the subscript pu for notation simplicity. The
corresponding channel matrix in the TD at time sample n is

H [n] =
1√
N

N−1∑
k=0

Ȟ [k] exp(j2πkn/N), (8)

where the time sample index n ∈ {0, 1, · · · , γ − 1}.
3) Received Signal: Assuming a linear MU-MIMO (i.e.,

ignoring for now the nonlinear PA and DPD), the signal vector
received at the U UEs, y [n] ∈ CU , is given by [24]

y [n] =

γ−1∑
n′=0

H [n′]x[n− n′] + η[n], (9)

where η[n] ∼ NC
(
0U×1, σ

2IU
)

models additive white
Gaussian noise (AWGN) at the U UEs at time sample n with
noise power σ2. Eq. (9) can be written in the FD as [24]

y̌ [k] = Ȟ [k]x̌[k] + η̌[k], (10)

where y̌[k] = 1/
√
N
∑N−1
n=0 y[n] exp(−j2πkn/N) and

η̌[k] = 1/
√
N
∑N−1
n=0 η[n] exp(−j2πkn/N) are the

corresponding FD received signal and noise for the U
UEs at subcarrier k, respectively.

Substituting (1) into (10), y̌[k] with linear precoder W̌ [k]
can be expressed as [21]

y̌[k] = Ȟ[k]W̌ [k]š[k] + η̌[k] . (11)
4) Precoding Strategies: We will consider two commonly

used BS linear precoders: maximum-ratio transmission (MRT)
and zero-forcing (ZF) precoding [21]. The MRT precoder
maximizes the power directed toward each UE and ignores
MU interference. The MRT precoding matrix in (11) is given
by W̌

MRT
[k] = αMRTȞ

H
[k], where αMRT is the normalization

factor to ensure the power constraint E
{
‖x̌[k]‖2

}
= PT is
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met [21]. The ZF precoder minimizes the MU interference by
using the pseudo-inverse of the channel matrix is used as the
precoding matrix [21]. The ZF precoding matrix W̌ [k] in (11)
is given by [21]

W̌
ZF

[k] = αZFȞ
H

[k](Ȟ[k]Ȟ
H

[k])−1, (12)
where αZF denotes the normalization factor to satisfy the same
power constraint as the MRT precoder.

B. Nonlinear Power Amplifier in MU-MIMO-OFDM
After the IDFT, the TD OFDM symbols are mapped to

B RF chains and converted to the analog domain by the
DACs (ignoring the DPD). For simplicity, we assume ideal
DACs with infinite-resolution. The PA input signal at the
b-th RF chain is uPA

b , [x0[b], · · · , xN−1[b]]
T ∈ CN .1

Specifically, the PA associated with the b-th BS antenna is
commonly modeled by the generalized memory polynomial
(GMP) model [25], with nonlinear order QPA, memory length
MPA, cross-term length GPA, input uPA

b [n : n − MPA] =[
uPA
b [n], . . . , uPA

b [n−MPA]
]T ∈ CMPA+1, and output xPA

b,n. The
input-output relation of the b-th GMP-based PA model at time
sample n can be expressed as

xPA
b [n] =

QPA−1∑
q=0

MPA∑
m=0

a(b)
q,mu

PA
b [n−m]

∣∣uPA
b [n−m]

∣∣q
+

QPA−1∑
q=1

MPA∑
m=0

GPA∑
g=1

(
c(b)q,m,gu

PA
b [n−m]

∣∣uPA
b [n−m− g]

∣∣q
+ e(b)

q,m,gu
PA
b [n−m]

∣∣uPA
b [n−m+ g]

∣∣q ) ,
(13)

where a
(b)
q,m, c(b)q,m,g, and e

(b)
q,m,g are coefficients for PA b.

The GMP model (13) consists of polynomial terms with
memory components, divided into three parts. The first part,
known as the memory polynomial (MP) model [26], includes
QPAMPA coefficients, {a(b)

q,m}, capturing interactions of the
input signal itself. The second part contains lagging cross-terms,
with QPAMPAGPA coefficients, {c(b)q,m}, capturing interactions
between current and previous inputs. The final part consists
of leading cross-terms, also with QPAMPAGPA coefficients,
{e(b)
q,m}, capturing interactions between the current and future

inputs.
The average power gain provided by the PAs is defined as

G = E{|xPA
b [n]|2/|uPA

b [n]|2}, where the expectation is taken
over all samples for all PAs. With an ideal linear PA, the
desired output of the b-th PA at time sample n is denoted
by x́PA

b [n] , GuPA
b [n]. Because of precoding, the average PA

output power of each PA, defined as P PA
b = E{|xPA

b [n]|2} for
the b-th PA output, can be different. The average output power
of the BS is defined as PBS =

∑B−1
b=0 P PA

b = GPT.
Nonlinear PAs cause distortion that disrupts subcarrier

orthogonality, resulting in intercarrier interference (ICI). They
also give rise to MU interference due to the nonlinear
inter-modulation distortion (IMD), even when ideal ZF
precoding is employed. The nonlinear distortion appearing
in the OOB frequencies may interfere with neighboring

1 In Section IV-A, we describe how the PA input uPA
b is obtained in the

presence of DPD.

communication systems in adjacent frequency bands. This
OOB distortion for large array can demonstrate directional
beamforming effects, which we will further explore in the
following section.

C. Linear and Nonlinear Crosstalk

In massive MIMO systems, crosstalk arises due to the
coupling between closely spaced antennas and signal paths.
Crosstalk occurring before the PA leads to nonlinear crosstalk,
while crosstalk occurring after the PA results in linear
crosstalk [27]. In the presence of nonlinear crosstalk, the input
to the b1-th PA with crosstalk, ũPA

b1 , can be modeled as:

ũPA
b1 = uPA

b1 +
∑B−1

b2=0
b2 6=b1

gIn
b1,b2u

PA
b2 , (14)

which introduces nonlinear crosstalk when transmitted through
each nonlinear PA (13). Here gIn

b1,b2
∈ C is the crosstalk

parameter between the inputs of PA b1 and b2.2 Similarly,
in the case of linear crosstalk, the output of the b1-th PA can
be modeled as

x̃PA
b1 = xPA

b1 +
∑B−1

b2=0
b2 6=b1

gOut
b1,b2x

PA
b2 (15)

where gOut
b1,b2

∈ C is the crosstalk parameter between the
outputs of PA b1 and b2. We assume memoryless crosstalk as
in [27], [28]. Crosstalk degrades beamforming performance by
causing beams to become less focused or misdirected, reducing
array gain. Furthermore, nonlinear crosstalk exacerbates the
nonlinear characteristics of the PA, resulting in spectral
regrowth and increased emissions both in-band and out-of-band.
Consequently, the radiation pattern may exhibit unexpected
lobes and sidelobes due to these nonlinear effects.

III. RELAXATION OF OOB LINEARIZATION
REQUIREMENTS IN MASSIVE MIMO SYSTEMS

Nonlinear PAs generate distortions that affect both the
in-band and OOB frequencies. In many massive MIMO
scenarios, in-band signals receive higher power gain than OOB
signals due to beamforming. Thus, MIMO systems can transmit
with less power to achieve the same in-band signal power at
the UE as a legacy single-input single-output (SISO) system,
resulting in less received OOB distortion [13]. This relaxes
the OOB linearization requirements for DPD. The degree of
relaxation depends on channel characteristics, BS antennas,
users, and the amount of crosstalk. This section summarizes
PA distortion radiation and discusses DPD linearization
requirement relaxation for LOS and isotropic channels. Detailed
derivations can be found in [13], though unlike [13], we
consider PAs with memory.

A. OOB Linearization Relaxation in a Line-of-Sight Channel

In a LOS channel, directive beamforming focuses
transmission beams toward the UE direction but can also
beamform distortion in certain directions, harming potential
receivers. In a frequency-flat LOS channel with MRT precoding,
third-order distortion, which often dominates, is beamformed

2The crosstalk parameter between other pairs of branches diminish with
the square of the physical distance, and the crosstalk phases were derived
based on the effective physical distance relative to the wavelength.
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Fig. 2: Far-field beampatterns of in-band signals (blue lines) and OOB distortion
(red lines) using B = 100 antennas and U = {1, 10} UEs in a pure LOS
channel, without DPD. Dashed lines represent in-band and OOB radiations
from a SISO system, with transmit power calibrated to achieve equivalent
in-band power at the UEs as in MIMO systems.

in approximately U3 distinct directions [13, Theorem 2]. In
these directions, distortion builds up constructively, while in
other directions, it destructively interferes. Maximum power
gains are achieved for both linear and distorted signals in the
UE directions, with total distortion power at each UE scaling as
B/U2 [13, Remark 3, Theorem 1]. As U increases, distortion
power decreases until it saturates at a level determined by βp.

This OOB linearization relaxation is illustrated in Fig. 2,
showing far-field beampatterns for B = 100 antennas of the
in-band signal and OOB distortion under equal power allocation
among U = {1, 10} users.3 The results include scenarios
with −10 dB linear and nonlinear crosstalk, and isotropic
beampatterns from a SISO system.

Fig.2a shows the case for U = 1. The OOB distortion is
beamformed in the same direction as the served UE with nearly
the same power gain as the in-band signal, resulting in OOB
radiation similar to a SISO system. However, OOB distortion
power in other directions is negligible, significantly relaxing
OOB requirements in non-UE directions. This relaxation can
also apply to the UE direction due to the low probability
of an unfortunate victim being in the same direction with a
large array (probability ∝ 1/B). Crosstalk slightly increases
both in-band and OOB emissions, affects the beamforming
direction, and amplifies some sidelobes. As the number of
UEs increases, distortion radiation becomes nearly isotropic
with minimal power gain in all directions, leading to uniform
OOB relaxation approximately equal to the array gain B/U .

3We consider a fully digital MIMO system with 100 antennas, a feasible
configuration as supported by prior studies [10], [11].
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Fig. 3: Distributions of the OOB distortion power (results from Fig. 2) from a
B = 100 antennas array with varying number of UEs U = {1, 10} in a LOS
channel, without DPD. Dashed lines represent in-band and OOB radiations
from a SISO system, with aligned transmit power to achieve equivalent in-band
power at the UEs as in MIMO systems.
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Fig. 4: Distributions of the OOB distortion power from a linear array to a
victim receiver randomly located at a fixed distance of 25 m from the array,
without DPD. There are B = 100 antennas and U = 1 UEs. The isotropic
fading channel is evaluated with different channel taps γ = {4, 16, 40, 100}.
The case of γ = 4 and U = 10 is also shown. Dashed lines represent
OOB radiations from SISO systems, with aligned transmit power to achieve
equivalent in-band power at the UEs as in MIMO systems. Dotted lines
represent OOB radiations with crosstalk.

Fig. 2b illustrates this for U = 10 UEs, showing a relaxation
of about 10 dB. The impact of crosstalk on the power and
direction of in-band and output becomes more pronounced
compared to the single UE case. Fig. 3 provides another view,
illustrating the distribution of OOB radiation over a uniformly
distributed AoD θp ∈ [−π/2, π/2]. For small U , significant
OOB relaxation is achievable (e.g., 29 dB for U = 1 for 90%
of angles). For larger U , the CDF curves are more vertical
due to less directive OOB radiation, resulting in around 9.5
dB OOB relaxation for U = 10. As before, crosstalk increases
OOB radiation.

B. OOB Linearization Relaxation in Isotropic Fading Channels
When the channel (3) is frequency-selective with multiple

paths and varied delays (typical of sub-6 GHz bands),
frequency-selective beamforming directs the same data stream
along each path with corresponding delays. This expands the
beamforming directions, making OOB radiation less directive,
similar to serving more UEs in the LOS scenario [14]. As the
number of channel taps increases, the OOB radiation power
distribution becomes more isotropic [13]. Fig. 4 illustrates
this isotropic relationship for different channel taps γ =
4, 16, 40, 100, with OOB radiation results for a victim receiver
at the same distance as the UE.4 A linear array with B = 100

4Similar results and conclusions can be obtained as in [13] by setting
an OSR R = 4 and the delay spreads στ = {1, 4, 10, 25}Td in the channel
model (3) with large paths, uniform power-delay profile, and uniform AoD
distribution.
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antennas and a single UE U = 1 is considered. SISO system
results are shown in dashed lines. Results with the same
crosstalk level as in the LOS scenario are shown in dotted
lines. The curves become more vertical with increasing channel
taps, indicating more isotropic OOB radiation. The rightward
shift with fewer channel taps shows increased OOB power
due to higher power variations between PAs in different RF
chains. Although crosstalk increases OOB radiation, its impact
diminishes as γ increases, eventually becoming negligible as
OOB radiation becomes isotropic. Finally, we also show the
case of U = 10 and γ = 4. The OOB radiation remains
relatively constant in the multi-antenna case but is reduced
in the SISO case due to user power sharing. This shows that
OOB relaxation depends on B/U .

Therefore, we conclude that in a frequency-selective isotropic
fading channel, the OOB requirement for DPD can be relaxed
due to reduced-power isotropic distortion, similar to the
scenario with multiple UEs in LOS channels.

IV. FREQUENCY DOMAIN CONVOLUTIONAL NEURAL
NETWORK DPD

Since the linearization requirement for DPD can be relaxed
in many MU-MIMO-OFDM scenarios, we can leverage this
relaxation to design low-complexity FD DPDs. However, both
state-of-the-art TD and FD DPDs suffer from complexity issues.
In this section, we briefly analyze state-of-the-art TD and FD
DPDs and then introduce FD-CNN, a novel FD-DPD model
based on CNN that eliminates the need for Fourier transforms
for FD-DPD, enhancing flexibility. We perform a quantitative
complexity analysis, as well as a qualitative analysis in terms of
implementation aspects, including the scalability to BS antennas
and UEs, different parameter learning methods, adaptability
to two types of channels, and ability to handle IMD products,
aspects often missing in the literature.

A. State-of-the art DPD

1) State-of-the-art Time-Domain DPD: Among the various
TD-DPD models, we opt for the widely-used GMP model [25],
as shown in (13), due to its superior balance between
linearization performance and computational complexity
compared to other TD models, such as Volterra-based and
neural network (NN)-based approaches. Thus, the TD-GMP
model is a common benchmark for assessing DPD complexity
in many papers [29]–[32]. The input-output relation of the TD
GMP-based DPD for the b-th RF chain can be constructed by
feeding uDPD

b [n] as the input to the GMP model (13). Details
are omitted for presentation brevity.

2) State-of-the-art Frequency-Domain DPDs: Compared
with TD DPD, few FD DPD schemes exist with limited models
for nonlinear PA behavior in the frequency domain. We analyze
two recent FD DPD approaches, namely [12] and [15], which
both apply time-domain DPD models in the frequency domain
via (I)DFTs.

Model-based Approaches: The FD-MP DPD was initially
introduced in [9] for a single UE MIMO with an analog
beamforming system. It was later generalized to an MU
scenario with digital precoding in [12], achieving complexity

reduction through a two-stage digital precoding approach that
assumes correlated channels between antennas. In Fig. 1, FD
DPD is placed before the digital precoding. To align with the
TD-GMP, the GMP model is adopted in the FD and referred to
as FD-GMP. In FD-GMP, each UE stream is first transformed
into TD via IDFT. Specifically, given the symbol vector for
the u-th UE in the FD, s̃DPD

u ∈ CN = F H
N s̃

DPD
u where FN

denotes the unitary N -size DFT matrix. This TD symbol vector
is then fed to a GMP model (13) [9]. Details are omitted
for presentation brevity. The FD-GMP output su ∈ CN is
transformed back into FD by DFT: šu = FNsu ∈ CN . To
cancel out each IMD beam between UEs, a separate FD-GMP
model can be utilized, which is why FD-GMP is also known
as beam-domain DPD.

NN-based Approaches: An alternative NN -based DPD in
the FD, introduced in [15] for massive MU-MIMO, operates
before the precoder. We refer to this model as FD-NN. Similar
to FD-GMP, each UE stream is first transformed into TD via
IDFTs. Followed by the construction of the NN input, the UE
signal with memory is then fed into the NN, where all layers
are fully connected. The FD-NN has KNN hidden layers, each
with D neurons and a ReLU nonlinear activation function.
The output layer has 2U neurons. Similar to FD-GMP, the
predistorted TD signal for each UE is transformed back to the
FD by discrete Fourier transforms (DFTs) before being sent
to the digital precoder.

B. Proposed FD-CNN: Architecture

To address the additional precoding cost introduced by
(I)DFTs in both FD-GMP and FD-NN, the proposed FD-CNN
leverages the CNN. The structure of the proposed FD-CNN
is depicted in Fig. 5. FD-CNN operates in the FD preceding
the digital precoder, taking UE symbols as input. It comprises
three NN layers, each serving a distinct function.

1) Input Layer: The first layer consists of NConv1

two-dimensional (2D) convolutional filters, designed to
efficiently extract relevant information from the FD UE symbol
vectors. This functionality serves a similar purpose to the IDFTs
in FD-NN [15] and FD-GMP [9], [12]. The utilization of 2D
convolutional layers offers computational advantages compared
to employing fully connected layers because the input size
scales linearly with the number of subcarriers. To facilitate
the 2D convolution, the FD UE symbol vector s̃DPD

u ∈ CN

is converted to a matrix S̃
DPD
u ∈ Cd

√
Nde×d

√
Nde,5 where only

Nd data subcarriers are involved to save complexity. Here d·e
represents the ceiling function, and zero-padding is applied if
d
√
Nde >

√
Nd. All U UE symbol vectors are converted to

matrices, collectively forming the input of the FD-CNN as,

S̃DPD = [S̃
DPD
0 , ..., S̃

DPD
u , ..., S̃

DPD
U−1]. (16)

To provide an intuitive illustration of this process, envision
that the U UE symbol vectors are transformed into U images,
each of which undergoes feature extraction via numerous 2D
convolutional filters.

5 This vector-to-matrix conversion follows a contiguous order, ensuring
that convolution kernels can effectively extract information from adjacent
subcarriers.



7

Input:

Convolution Kernels Convolution Kernels

Output of first CNN layer: Output of second CNN layer: Output

Fully-connected

Fig. 5: Structure of the proposed FD-CNN. The input of FD-CNN is formed by the U UE symbol vectors, [s̃DPD
0 , · · · s̃DPD

U−1]. The output is the predistorted
symbol vectors of the U UEs, [s̃0, · · · , s̃U−1].

To use real-valued NNs, each complex-valued UE symbol
matrix S̃

DPD
u is decomposed into real and imaginary matrices

with the same dimension. This results in 2U real-valued
UE symbol matrices, which are convoluted with NConv1

convolutional kernels. Consequently, the output tensor of the

first layer, denoted as S̃Conv1 ∈ Rd
d
√

Nde
KS

e×d d
√

Nde
KS

e×NConv1

,
comprises NConv1 matrices {S̃Conv1

ω , ω = 0, · · · , NConv1 − 1}.
The ω-th output matrix S̃

Conv1
ω is obtained by convolving with

the ω-th convolutional kernel, as follows:

S̃
Conv1
ω = fσ(fConv1

ω (S̃DPD)), (17)
where fσ(·) denotes an element-wise activation function, and
fConv1
ω (·) represents the ω-th convolutional kernel with a kernel

size KC
ω and stride length KS

ω. Zero-padding is also applied
when d d

√
Nde
KS
e > d

√
Nde
KS

.
2) Hidden Layers: The second layer of the FD-CNN is

also a convolutional layer but with only 2U convolutional
kernels. This layer maps the output of the first convolutional
layer, S̃Conv1, which contains NConv1 matrices, to an output
S̃Conv2 = [S̃

Conv2
0 , · · · , S̃Conv2

2U ]. This operation serves a similar
purpose as the DFTs in FD-GMP and FD-CNN. Similar to (17),
the 2u-th output matrix S̃

Conv2
2u is computed as:

S̃
Conv2
2u = fσ(fConv2

2u (S̃Conv1)). (18)

3) Output Layer: After the second convolutional layer, each
pair of matrices {S̃Conv2

2u , S̃
Conv2
2u+1} for UE u is flattened and

fed into a linear fully connected layer with 2Nd neurons. This
layer produces the real and imaginary parts of the predistorted
symbol vector at the u-th UE, s̃u ∈ CNd . In total, the last layer
has U parallel fully-connected layers, each with 2Nd neurons.

Similar to FD-NN, FD-CNN implicitly considers the IMD
products between UEs through its NN structure to cancel the
IMD between UEs. This means that it has the same adaptability
problem as FD-NN when the precoder changes among coherent
channels. Specifically, the first two convolutional layers
of FD-CNN play a more significant role in handling the
cancellation of IMD products compared to the final fully
connected layer, primarily because of their nonlinear activation
functions as in (17) and (18).

Algorithm 1: Proposed FD-DPD Learning Algorithm

1 Input: {šDPD[k]}, {x̌[n]}, {W̌ [k]}, {θGMP−PA
b }

Result: θ́
DPD

2 while L
(
θ́

DPD)
> ε do

3 Acquire new realizations of QAM symbols
{šDPD[k]};

4 Acquire FD-DPD output {š[k]} by feeding
{šDPD[k]};

5 Apply precoding via (1);
6 Perform IDFT of OFDM via (2);
7 Obtain the nonlinear PA output {xPA

b } via (13)
using pre-trained GMP-based PAs;

8 Calculate MSE loss L(θ́
DPD

) via (19);

9 Update θ́
DPD

via backpropagation;

10 return θ́
DPD

;

C. Proposed Parameter Learning for FD-DPD

Training FD-CNN and other FD-DPDs presents unique
challenges not found in TD-DPDs due to fundamental
differences in domain and dimensionality between the FD-DPD
input and the PA output introduced by components like digital
precoders and IDFTs. Specifically, the FD-DPD operates in the
frequency domain and interfaces before the precoder with the
UE dimensions, while the PA output is in the time domain with
the antenna dimensions. These mismatches make it non-trivial
to directly apply feedback schemes designed for TD-DPDs such
as the ILA [33]. Additionally, obtaining the desired FD-DPD
output is also challenging due to domain and dimension
mismatches, making it not straightforward to use algorithms
like iterative learning control (ILC) for FD-DPDs [34].

We propose a novel FD-DPD learning algorithm
for FD-DPDs with differentiable parameters, outlined in
Algorithm 1. This algorithm leverages GMP-based PA models,
which can be pre-trained using the least squares method with
PA output measurements through a feedback scheme. The
same PA measurements are used in the ILA for TD-DPD
optimization, thus both the proposed and the ILA algorithms
rely equally on PA measurements, making them fair for
comparison. Meanwhile, similar to the ILA for TD-DPD
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optimization, to handle PA variations due to environmental
factors like temperature changes, periodic PA measurements
are needed for the adaptation of the GMP-based PA model.
This feedback-driven adaptation ensures that the pre-trained
GMP-based PA models remain robust by adjusting to real-time
measurements, maintaining performance against temperature
drift and noise.6 These differentiable GMP-based PA models
enable supervised learning to update the FD-DPD parameters,
effectively overcoming the dimension mismatch problem of
FD-DPD and the PAs. Although TD-DPDs can also be
optimized using pre-trained PA models, the more common
method is the ILA, which, like our algorithm, also uses PA
output measurements for DPD adaption. Both our learning
algorithm and the ILA require adaptation to manage PA
variations, making our method equally suitable for practical
deployment.

The training data is generated by transmitting a specific
number of random QAM symbols and collecting the
corresponding PA outputs based on the pre-trained GMP-based
PA models. For the isotropic scattering channel scenario,
new channel realizations and corresponding ZF precoding are
generated for each training mini-batch to ensure FD-CNN is
not dependent on specific channel conditions and precoding
schemes. In contrast, for the LOS channel scenario, the channel
and precoding remain fixed during training. Supervised learning
is used to update the FD-DPD parameters by minimizing the
mean squared error (MSE) loss function between the PA outputs
with and without any FD-DPDs:

L
(
θ́

DPD)
= Ex

{∣∣xPA
b [n]− x́PA

b [n]
∣∣2} . (19)

Here θ́
DPD

represents a general form of any FD-DPD
parameters, which could be the NN weights and bias for
FD-CNN or FD-NN, or the GMP parameters of TD-GMP.
x́PA
b [n] denotes the desired b-th PA output at time sample n,

linearly amplified without nonlinearity and DPD, which is
obtained by applying the desired power gain to {ub[n]} for
each PA input. Similar to the ILA and the training method
in [15], this training method requires collecting each PA output
{xPA

b [n]}. The expectation in (19) is taken over all B PAs’
outputs. The training uses the stochastic gradient descent (SGD)
method with the Adam optimizer [35] and continues until
convergence.
D. Proposed FD-CNN: Complexity Analysis and
Implementation Discussion

In this section, we provide a complexity analysis and a
practical implementation discussion of various DPDs.

1) Complexity Analysis: When dealing with DPD algorithm
design, two aspects of complexity must be considered: the
running complexity and the training complexity. We prioritize
evaluating running complexity because it dominates the total
computational expenses and can be quantified precisely, unlike
training complexity, which is difficult to quantify accurately
due to its dependence on the choice of optimization algorithms.
The number of floating point operationss (FLOPs) offers a

6Temperature variations are not considered in this work. Further testing
and comparison between the proposed learning algorithm and the ILA are
needed to evaluate their adaptability to such changes.

TABLE I: Approximate computational complexity of various DPD schemes
in massive MU-MIMO-OFDM per QAM symbol in terms of the number of
FLOPs. This MIMO system is configured with B BS antennas and U UEs,
operating with an OSR R at the BS. In addition, V victim receivers are
considered in FD-GMP for the generation of cancellation beams.

DPD Scheme Approx. Complexity [FLOPs]
TD-GMP [25] CTD-GMP

Samp RB

FD-GMP [9], [12] (CTD-GMP
Samp + 8B)R(U + V )

FD-NN [15] (D +D2/U + 8B)RU
FD-CNN 8(K2

CN
Conv1 +Nd)U

precise metric, accounting for every addition, subtraction,
and multiplication operation, applicable to both Volterra
series-based models [36] and NNs [32], [37] for DPD7, so it
provides a fair basis for comparison across different schemes
without examining specific implementation details. In this paper,
we employ the same FLOP calculation method as in [29, Tab.
I].

A summary of the approximated complexity of DPD
schemes, TD-GMP, FD-GMP, and FD-NN in digital massive
MU-MIMO-OFDM are shown in Table I. The detailed
complexity calculations of these schemes are given in
Appendix A, respectively. Based on the approximation
summarized in Table I, the benefits and drawbacks of the
different DPD schemes are discussed and compared in the
following.
• TD-GMP: The number of FLOPs grows linearly with

the number of BS antennas B and the OSR R. Such
linear escalation presents a complexity challenge in massive
MU-MIMO systems, especially when dealing with a large
number of antennas and a wide bandwidth.

• FD-GMP: Operating in the FD before the precoder,
FD-GMP’s complexity scales linearly with the number of
UEs plus IMD beams for victim receivers, i.e., (U + V ),
instead of the number of antennas B. Yet, the additional
precoding of OOB subcarriers, after the DFTs, incurs extra
costs, making the required FLOPs grow with B. This rise
is exacerbated with more antennas. Hence, FD-GMP does
not fully address the complexity problem of TD-GMP.

• FD-NN: Operating before the precoder, FD-NN’s complexity
scales linearly with the number of UEs U and the OSR R.
Compared with FD-GMP, FD-NN saves the computational
cost of IMD beams as they are implicitly considered in the
NN structure. Similar to FD-GMP, FD-NN also requires
additional precoding costs due to (I)DFTs usage, eventually
leading to a linear increase in computational complexity
with the number of BS antennas B, mirroring the complexity
issues faced by FD-GMP and TD-GMP in large antenna
arrays.

• FD-CNN: Unlike TD-based DPD, FD-CNN operates in
the FD before the precoder, making its computational
complexity scale with the number of UEs U rather than
the number of BS antennas B. Compared to FD-GMP and
FD-NN, FD-CNN utilizes low-complexity convolutional
filters instead of (I)DFTs, allowing for flexible input/output
size adjustments and non-oversampled processing. This
approach eliminates the need for additional precoding on

7The complexity of NN activation functions like tanh, sigmoid, and ReLU
varies with the hardware architecture. ReLU, selected for its minimal hardware
complexity in FPGAs or ASICs, equates to one FLOP per operation.
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oversampled subcarriers and thus detaches its complexity
from the number of antennas B, which makes FD-CNN
advantageous for large arrays. However, the complexity of
FD-CNN increases with the number of data subcarriers Nd
due to its fully-connected layer, which can be challenging
in wide bandwidth scenarios.

2) Practical Implementation Considerations: DPD
implementations are commonly done using field-programmable
gate arrays (FPGAs) or application-specific integrated circuits
(ASICs) [38]–[41]. FPGAs are preferred for prototyping
due to their flexibility and reconfigurability, while ASICs
are more power-efficient for large-scale deployment but
require specific hardware design, limiting their adaptability.
As signal bandwidths increase and higher OSRs are needed
to prevent aliasing, throughput becomes a critical hardware
bottleneck. This is especially true for TD-DPDs, like TD-GMP,
whose complexity grows with the number of antennas.
FD-DPDs, such as the proposed FD-CNN DPD, offer reduced
computational complexity and lower power consumption in
large antenna systems, though they still face challenges with
high-bandwidth signals due to increased input size.

A recent work [42] has shown that graphics processing
units (GPUs) can meet the high throughput requirements
for a wideband signal and an NN-based DPD with a large
number of parameters, although GPUs generally are less power
efficient than FPGAs and ASICs. Moreover, for training DPD
models, especially NN-based DPDs that require longer training
times, GPUs are much more efficient than FPGAs or ASICs,
which are less suitable for training tasks due to their fixed
nature. In the future, DPD implementations are likely to
use a combination of ASICs, FPGAs, and GPUs: ASICs for
energy-efficient large-scale deployment, FPGAs for flexible
prototyping and adaptable designs, and GPUs for both training
and high-throughput inference in wideband environments.

E. Qualitative Comparison of DPD Strategies

We next analyze the benefits and drawbacks of various
DPD methods, focusing on their methodology, deployment,
scalability to BS antennas and UEs, parameter learning methods,
adaptability to different channel types, and IMD handling.
Key findings are summarized in Table II. The most important
aspects– i.e., scalability to BS antennas and UEs, parameter
learning methods, adaptability to different channel types,
and IMD handling – are discussed in the following three
subsubsections.

1) Scalability with Antennas and UEs: With an increasing
number of antennas, TD-GMP scales poorly due to its per
RF chain deployment. This limitation persists even with
complexity-reducing implementations such as shared-DPD [7]
and low-sampling rate DPD [43], which depend on analog or
hybrid precoding. FD-GMP and FD-NN offer better scalability
by being deployed before digital precoding. However, the
additional precoding costs associated with using (I)DFTs
eventually limit their scalability. The proposed FD-CNN
addresses this issue by replacing (I)DFTs with CNNs, thereby
eliminating the additional precoding costs and achieving
superior scalability with an increasing number of antennas.

With an increasing number of UEs, TD-GMP’s scalability is
unaffected, while FD-GMP, FD-NN, and FD-CNN exhibit poor
scalability due to linear scaling with UEs. However, in massive
MIMO, where UEs are fewer than antennas, the impact on
FD-DPD scalability is moderate.

2) Parameter Learning: Obtaining the desired DPD output
is challenging because the desired PA input cannot be
straightforwardly determined. For TD-GMP, this issue is
addressed using the ILA [33], which requires dedicated
feedback paths by treating the PA output as the input and the
PA input as the desired output. FD-DPDs (FD-GMP, FD-NN,
and FD-CNN) face greater difficulties due to domain and
dimension changes caused by digital precoders and IDFTs. The
over-the-air (OTA) learning method, via an observation receiver
as in [12], can be used to acquire OTA signals, but it requires
knowledge of the channels. Another method involves converting
TD-DPD output back to the FD, as in [15], which also relies
on channel knowledge and is limited by the TD-DPD model’s
accuracy. Alternatively, the proposed learning methodology in
Algorithm 1 can be applied to any FD-DPDs with differentiable
parameters.

3) IMD Handling in Different Channels with Multiple
UEs: In frequency-flat LOS channels, TD-GMP effectively
addresses distortion for each PA, demonstrating high capability
in handling IMDs for both single or multiple UEs. The three
FD-DPDs (FD-GMP, FD-NN, and FD-CNN) also handle
IMDs effectively in frequency-flat LOS channels, though
their capability degrades with more UEs. Specifically, the
effectiveness of FD-DPDs depends highly on the PA radiation
pattern. Unlike FD-GMP, which explicitly generates IMD
products, FD-NN and FD-CNN implicitly handle IMD products
within their NN layers, thereby avoiding additional IMD
products at the output. For isotropic scattering channels,
TD-GMP adjusts its operation power based on input levels
to maintain the high capability of IMD handling. Although
the three FD-DPDs (FD-GMP, FD-NN, FD-CNN) cannot
address each IMD beam individually due to their large number,
the relaxation of the OOB linearization requirement allows
FD-DPDs to be valuable, provided that they satisfy the in-band
linearization requirement at the UEs.

V. NUMERICAL RESULTS

In this section, we will present the quantitative analysis in
terms of the complexity and performance of the different DPD
approaches. We first detail the DPD figures of merit, then
describe the simulation setup, and finally provide our results
with a discussion.

A. Figures of Merit for Linearity in Massive MIMO

We aim to ensure sufficient in-band power to attain the
desired SINR at the UEs while minimizing out-of-band
radiation to avoid interference with other systems. In massive
MIMO systems, conventional OOB metric can be too stringent,
because the in-band signal can obtain higher power gain at
the UEs than out-of-band distortion, thanks to beamforming.
In this section, we adopt the error vector magnitude (EVM)
as a metric to assess the in-band signal quality and several
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TABLE II: Qualitative comparison of state-of-the-art TD and FD DPDs with proposed FD-CNN. The quantification of the IMD cancellation capability of
different DPDs, together with their linearization capability under crosstalk, are analyzed in Section V-C.

TD-GMP [25] FD-GMP [12] FD-NN [15] FD-CNN (This work)

Methodology GMP in TD GMP in FD
via (I)DFTs

NN in FD
via (I)DFTs

NN in FD
via CNNs

DPD Dimension One per antenna One per UE One fo all UEs One for all UEs

Additional Precoding Cost No Yes:
due to (I)DFTs

Yes:
due to (I)DFTs

No:
due to CNNs

Scalability with Antennas Poor Moderate Moderate High
Scalability with UEs High Moderate Moderate Moderate

Parameter Learning Algorithm ILA [33] 1. OTA [12] 2. [15]
3. Algorithm 1

1. OTA [12] 2. [15]
3. Algorithm 1

1. OTA [12] 2. [15]
3. Algorithm 1

IMD
Cancellation

LOS & Single UE High High High High
LOS & Multiple UEs High Moderate Moderate Moderate

Isotropic Scattering & Single UE High Moderate Moderate Moderate
Isotropic Scattering & Multiple UEs High Poor Poor Poor

versions of adjacent channel leakage ratio (ACLR) as metrics
to evaluate out-of-band linearization.

1) In-band Quality by EVM: The in-band signal quality is
commonly quantified by evaluating the EVM of the received
signal as in [44, Eq. (2.4)].

2) Out-of-band Distortion Measurement by TRP-ACLR: The
conventional ACLR, measured at the Tx, is often too stringent
for large arrays [13]. We adopt an alternative scalar-valued total
radiated power (TRP)-ACLR, which is defined in 3GPP [45]. It
is the ratio between the TRP of the signal in the main channel
to the TRP of the signal in the adjacent channel, summed over
all directions.

B. Simulation Setup

1) Parameters: We consider a set of simulated PAs using the
GMP model in (13) with nonlinear order Q = 7, memory length
M = 5, and cross-term length G = 1. These parameters are
estimated using real measurements from the RF WebLab using a
100 MHz OFDM signal [46] with a 200 MHz sampling rate. All
PAs are assumed to have the same parameters. The GMP-based
PA coefficients are fixed over time. The saturation point and
measurement noise standard deviation of each PA are 24.02
V (≈ 37.6 dBm with a 50 Ω load impedance) and 0.053 V,
respectively. The digital precoder adopts the ZF precoding (12).
We consider a 30.7 MHz OFDM setup with a subcarrier spacing
∆f = 120 kHz, number of data subcarriers Nd = 256, OSR
R = 4 by an IDFT size N = 1024.

2) Channel scenarios: Two different channel scenarios are
considered based on the carrier frequency: frequency-selective
isotropic scattering and frequency-flat LOS.

We model an isotropic fading channel using the uncorrelated
Rayleigh fading channel model (4) with γ = 100 channel taps.
The large-scale fading coefficient σ2

βp
is modeled in decibels

and set to the same value as [24]
σ2
βp

[dB] = Υ− 10α log10 (‖p− pBS‖/1 m) + Fp, (20)
where the pathloss exponent is α = 3.76, the median channel
gain at a reference distance of 1 m is Υ = −35.3dB, and
the shadow fading is modeled by Fp ∼ N (0, σ2

sf) with the
standard deviation σsf = 4. These propagation parameters
match well with the NLoS macro cell 3GPP model for 2 GHz
carriers [47, Table B.1.2.1-1]. All users are randomly placed
around the array with the same distance to the BS of 25 m.
The thermal noise variance is −174 dBm/Hz, which yields a
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Fig. 6: The number of FLOPs required for each DPD scheme of each QAM
symbol versus the number of BS antennas B and UEs U .

total receiver noise power of σ2 = −92.1 dBm including a
receiver noise figure 7 dB. An average transmit power of the
BS is PBS = 48 dBm, which gives an average output power
of each PA

∑
b=0 P

PA
b /B = 28 dBm.

We model a frequency-flat LOS channel using (5), setting
the carrier frequency fc = 30 GHz. The large-scale fading
coefficient β2

p is set according to the LOS urban microcell
street Canyon 3GPP model in [48, Table 7.4.1-1] with median
channel gain Υ = −61.9 dB at 1m, pathloss α = 2.1, and
shadowing fading standard deviation σsf = 4. The same noise
power is used as in the isotropic fading scenario.

3) DPD Coefficients Identification: For TD-GMP, the GMP
coefficients for DPD at each RF antenna are estimated
separately using the ILA [33] via the least squares algorithm.
For a fair comparison, all FD-based DPD schemes, including
the proposed FD-CNN, utilize the same training approach
proposed in Algorithm 1 and the Adam optimizer with a
learning rate 0.001. The number of OFDM symbols for each
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Fig. 7: Normalized power spectral densitie (PSD) and PSD of error at an
intended UE and victim w/o DPD and with different DPD schemes for B =
100, U = 1 in a frequency-selective isotropic scattering channel.

mini-batch and the maximum number of batches are 100 and
5000. While fine-tuning the neural network and training process
for FD-CNN could yield even better performance, this is left
for future work. For FD-NN, we follow the setup in [15] with
1 hidden layer and 15 neurons. For the proposed FD-CNN, the
number of convolution kernels is NConv1 = 20, the kernel size
is KC = 3, and the stride side is 1.

C. Simulation results

1) Complexity Versus Number of BS Antennas: Fig. 6a
shows the number of FLOPs required per QAM symbol for
a single UE as a function of the number of BS antennas
B ∈ {1, 10, 100, 1000}. The considered DPD schemes with an
OSR R = 4 are TD-GMP, FD-GMP, and FD-NN, while the
considered DPD schemes with an OSR R = 1 are TD-GMP
and the proposed FD-CNN. Note that the introduced additional
precoding cost associated with OOB subcarriers are included
for FD-GMP and FD-NN.

As the number of BS antennas increases, the number of
FLOPs for TD-GMPs, CTD-GMP, with OSR R = {1, 4} grows
linearly as each RF chain is associated with a dedicated
TD-GMP. In contrast, all three FD-DPD schemes, i.e., FD-GMP,
FD-NN, and FD-CNN, alleviate this computational complexity
problem to varying degrees. Specifically, the number of
FLOPs for FD-GMP, CFD-GMP, and FD-NN, CFD-NN, eventually
increases linearly with B as the additional cost of OOB
precoding starts to dominate, limiting the saved number of
FLOPs. However, the number of FLOPs for the proposed
FD-CNN, CFD-CNN, remains completely invariant to B, making
it an attractive option for very large antenna systems. Compared
with FD-NN and TD-GMP, FD-CNN saves around 2.2× and
8.9× FLOPs for B = 100 and U = 1, respectively.

Moving on to the comparison of the computational
complexity in a MU MIMO system, Fig. 6b shows the
number of FLOPs required per QAM symbol as a function
of U ∈ {1, 2, 4, 8, 16, 32, 64} while keeping B fixed at 100.
Although TD-GMP DPDs (R ∈ {1, 4}) require more FLOPs
than FD-DPD schemes, their complexity remains constant with
respect to U since their complexities are determined by the
number of antennas. In contrast, FD-based DPDs exhibit a
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Fig. 8: The distribution of the power received by a victim in the adjacent
band in a frequency-selective isotropic scattering channel w/o DPD and with
different DPD schemes. The results from a SISO system without DPD are also
shown, whose transmitter power is scaled to reach the same in-band power at
the UE as the MIMO system.

TABLE III: The EVM and TRP-ACLR results of different DPD schemes
for a frequency-selective isotropic scattering channel with B = 100 and
U = [1, 2, 4] in Fig. 7 and 8.

Scheme ACLRTRP (dBc) EVM (%)
3GPP Requirement [45] 26 3.5
w/o DPD [31.7, 28.8, 25.6] [6.9, 7.0, 7.1]
TD GMP, R = 4 [25] [42.3, 39.3, 36.2] [0.6, 0.6, 0.7]
TD GMP, R = 1 [25] [32.9, 29.8, 26.8] [1.7, 1.8, 1.9]
FD GMP [12] [32.6, 29.6, 26.5] [1.8, 1.8, 1.9]
FD NN [15] [32.5, 29.5, 26.5] [2.0, 2.1, 2.2]
FD CNN [32.8, 29.8, 26.7] [2.2, 2.2, 2.3]

linear increase in the number of FLOPs with U , eventually
making them less computationally advantageous for large U
compared to TD-DPDs (U > 16 for FD-GMP and FD-NN, and
U > 32 for FD-CNN). In such scenarios, it is more advisable
to consider TD-based DPD schemes.

In summary, Fig. 6a and 6b provide valuable guidance for
selecting an appropriate DPD scheme based on computational
complexity budget for scenarios with different B and U .

2) Isotropic scattering scenario: An isotropic scattering
scenario modeled by uncorrelated Rayleigh fading between
B = 100 BS antennas and U = {1, 2, 4} UEs, is analyzed
without crosstalk. For U = 1, the observed OTA PSDs
and the PSD of errors at the UE are shown in Fig. 7 for
the same DPD schemes in Section V-C1. It shows that the
TD-GMP DPD (R = 4) achieves the best linearization
performance for both in-band and OOB at the expense of
the highest computational complexity, while all the other
complexity-reduced DPD schemes achieve relatively good
in-band linearization performance, i.e., with an EVM less
than the 3GPP requirement 3.5% for 256-QAM, as shown
in Table III.

To further assess the OOB linearization performance, Fig. 8
shows the distribution of power in the adjacent band received by
a randomly located victim for U = 1. The victim is randomly
distributed around the BS with the same distance of 25 m as the
served UE. The OOB result from a SISO system, i.e., B = 1,
is included, with normalized transmit power to match the same
in-band power as the MIMO system. We first notice that the
OOB radiations for the MIMO system are nearly isotropic
and significantly lower compared to that from a SISO system.
The most unfortunate victim in a MIMO system (B = 100)
receives ≈ 20dB less OOB radiation than in a SISO system
(B = 1). This reduction in OOB radiation is due to the array
gain in the MIMO system and explains why conventional
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(b) : U = 4 UEs with distances = {250, 85, 48, 28} m and directions =
{−28◦,−57◦,−14◦,−10◦} to the BS, respectively. Pathloss-based power
allocation is utilized so all UEs receive the same in-band power. UE at −28◦
is allocated with the dominant power.
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(c) : U = 2 UEs at distances = {28, 28} m and directions = {30◦,−45◦}
with equal power allocation.
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(d) : U = 10 UEs at the same distance 28m and different directions to the
BS with equal power allocation.

Fig. 9: The beampatterns from a large linear array consist of B = 100 antennas spaced by a half wavelength that serves U = 1, 2, 4, 10 UEs in a LOS
channel w/o DPD and with different DPD schemes. The radiated in-band and OOB power from a SISO system (B = 1) with an ideal linear-clipping PA are
also shown with pink lines, whose transmitter power is scaled to reach the same in-band power at the UE as the MIMO system for each subfigure.

TABLE IV: The average EVM and TRP-ACLR results of different DPD
schemes for a LOS channel with B = 100 and U = [1, 4, 2, 10] for Fig. 9
(a-d), respectively. Equal power allocation is used except for the case U = 4.

DPD Scheme ACLRTRP (dBc) EVM (%)
3GPP Req. [45] 26 3.5
w/o DPD [26.6, 25.4, 23.2, 16.2] [11.2, 15.5, 9.9, 7.9]
TD-GMP, R = 4 [25] [44.5, 41.3, 40.5, 32.9] [1.3, 1.8, 1.1, 1.1]
TD-GMP, R = 1 [25] [29.7, 28.2, 23.5, 16.7] [6.3, 9.6, 5.3, 3.4]
FD-GMP [12] [33.7, 33.6, 28.6, 27.0] [1.8, 3.3, 2.6, 3.2]
FD-NN [15] [35.2, 34.7, 34.0, 27.9] [1.9, 3.3, 2.7, 3.4]
FD-CNN [35.4, 36.4, 34.9, 27.5] [2.0, 3.4, 2.8, 3.4]

ACLR requirements can be relaxed in MIMO scenarios. Note
that this relaxation grows linearly with the array gain. Thus,
although the FD-DPD schemes exhibit slightly worse OOB
linearization performance than the TD-GMP (R = 4) as shown
in Fig. 8, the remaining OOB radiation at a random victim
remains acceptable, all with better TRP-ACLRs than the 3GPP
requirement as shown in Table. III. As the number of UEs
equidistant from the base station increases, sharing the array
gain, all schemes experience degraded TRP-ACLRs, with 3
dB and 6 dB for U = 2 and U = 4, respectively. EVM
degradation is less pronounced than TRP-ACLR. With more
UEs, all FD-DPDs are likely to fail in meeting the ACLR
requirement.

3) Line-of-sight scenario: Fig. 9 (a-d) show the
beampatterns from a large linear array with B = 100
antennas and without crosstalk in a LOS scenario for different
number of UEs, U = {1, 2, 4, 10}, respectively. With a fixed
total transmit power of the large array, PAs are operated in
the same power level PPA = 20 dBm, which means each UE

TABLE V: The average SLL relative to the main lobe for DPDs in a LOS
channel with B = 100 and U = {1, 4, 2, 10} from Fig. 9 (a)-(d), respectively.

DPD Scheme SLL [dB] Main Lobe [dB]
Linear PA −[13.6, 7.8, 13.4, 12.5] [58.5, 32.2, 55.4, 48.0]
w/o DPD −[13.4, 7.7, 13.3, 12.4] [57.4, 31.1, 54.3, 46.9]
TD-GMP,R = 4 −[13.5, 7.6, 13.2, 12.3] [58.5, 32.1, 55.4, 48.0]
FD-GMP −[13.4, 7.6, 13.2, 12.3] [58.3, 32.0, 55.2, 47.7]
FD-NN −[13.6, 7.6, 13.2, 12.3] [58.3, 32.1, 55.3, 47.8]
FD-CNN −[13.5, 7.6, 13.3, 12.3] [58.3, 32.1, 55.3, 47.8]

receives less power as U grows. The beampatterns from a
SISO system are also shown in light blue solid and dashed
lines for radiated in-band and OOB power, respectively. It
is shown that OOB radiation can be beamformed strongly
in certain directions, but also it can be very weak in certain
directions or even become isotropic. The corresponding EVM
and TRP ACLR results are shown in Table IV.

Specifically, Fig. 9(a) and (b) illustrate the beampatterns
for scenarios with 1 and 4 UEs, where in the latter scenario,
the majority of power is directed towards the farthest UE
to maintain uniform service quality. In the case of U = 1,
distortion radiation is beamformed similarly to the in-band
signal, achieving almost the same array gain, while the
distortion in all the other directions remains minimal. Although
TD-GMP yields better linearization (with EVM and TRP-ACLR
gain shown in Table IV) over all FD-DPD schemes, it requires
61×, 54×, and 220× more FLOPs than FD-GMP, FD-NN,
and the proposed FD-CNN, respectively, as shown in Fig. 6a.
All FD-DPDs meet the 3GPP requirements of EVM and
TRP-ACLR. Similar trends are observed in Fig 9(b) for the case
of 4 UEs. Most of the power and the OOB radiation are directed



13

TABLE VI: EVM and TRP-ACLR results for DPD schemes in LOS channel
with B = 100, U = 1, Nd = 64, and R = 4, with and without −10 dB
linear and nonlinear crosstalk.

DPD Scheme
ACLRTRP (dBc)

w/o & w/ crosstalk
EVM (%)

w/o & w/ crosstalk
w/o DPD [33.5, 32.5] [5.1, 11.2]
TD-GMP, R = 4 [25] [48.2, 31.5] [0.6, 4.7]
FD-GMP [12] [38.2, 36.1] [1.5, 2.2]
FD-NN [15] [37.1, 35.0] [1.9, 2.4]
FD-CNN [37.2, 35.3] [2.0, 2.7]

in the farthest UE direction, while much less OOB radiation
is beamformed to other UEs’ directions. Hence, FD-DPDs
prove to be adequate sufficient to meet both EVM and
ACLR requirements while substantially reducing computational
complexity, whether dealing with single-user or multi-user cases
with a single dominant UE. Notably, the proposed FD-CNN
entails the least computational overhead.

Figure 9(c) shows the beampatterns for a LOS scenario with
2 UEs, each 28m from the BS and allocated equal power. The
distortion radiation is strong in four directions, corresponding
to the 2 UEs and 2 IMD beams. TD-GMP, unaffected
by beamforming directions, delivers excellent linearization
performance across all four directions, achieving the best EVM
and TRP-ACLR (Table IV), but requires 30 times, 27 times, and
110 times more FLOPs than FD-GMP, FD-NN, and FD-CNN,
respectively. All three FD-DPDs achieve similar, though slightly
inferior, in-band and OOB linearization across these directions,
with extra beams generated and beamformed toward the
two IMD directions. Despite the additional computational
complexity from extra precoding, FD-DPDs remain preferable
to TD-DPDs for scenarios with a low number of UEs,
offering fewer FLOPs and satisfactory linearization per 3GPP
requirements. However, the complexity advantage diminishes
as the number of UEs and corresponding IMD beams increases.

Fig. 9(d) shows the beampatterns for 10 UEs, each allocated
equal power. The OOB radiation becomes isotropic as the
number of IMD beams (≈ 1000) far exceeds the number of
antennas (B=100), and is significantly weaker than in a SISO
system (approximately 9 dB less), thanks to the array gain of 10
dB. TD-GMP DPD provides the best linearization performance,
unaffected by the large number of UEs and IMD beams.
In contrast, the three FD-DPDs have limited linearization
performance due to numerous IMDs, but still meet ACLR
requirements due to the 9 dB OOB requirement relaxation
from the array gain. Notably, FD-CNN requires approximately
20 times fewer FLOPs than TD-GMP (Fig. 6b). However, the
OOB requirement relaxation depends heavily on array gain,
and with an increasing number of UEs, FD-DPDs may not
meet OOB linearization requirements, making TD-DPDs the
preferred choice. Additionally, Table V shows that using DPDs
has negligible impact on the SLL across different UEs, yielding
SLL values similar to those without DPD and with linear PAs.

4) Results With Crosstalk: We analyze the impact of
crosstalk on linearization performance. Specifically, we set
both the PA input crosstalk level and the antenna crosstalk
level to −10 dB. Fig. 10 shows the OTA PSD under crosstalk
with B = 100 BS antennas and U = 1 UE in a LOS scenario.
The corresponding EVM and ACLR results, including those
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Fig. 10: Normalized PSD and PSD of error at an intended UE w/o DPD and
with different DPD schemes for B = 100, U = 1 in a LOS channel with
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Fig. 11: Training loss of three FD-DPDs using the proposed FD-DPD learning
algorithm for B = 100, U = 1 in a LoS channel.

without crosstalk, are summarized in Table VI. The results show
that TD-GMP DPD performance is significantly degraded by
crosstalk due to ILA, whereas the three FD-DPDs experience
less degradation and achieve better in-band linearization,
despite only slight improvement in OOB radiation. The results
suggest that FD-DPDs can effectively mitigate PA and antenna
crosstalk using the proposed learning approach in Algorithm 1.
To reduce the impact of crosstalk, TD-DPD needs to either
change the optimization algorithm to an iterative closed-loop
algorithm [28] or utilize specific and more complex processing
models such as the dual-input DPD model [49].

5) Convergence Speed: We analyze the convergence speed
of the training process for the three FD-DPD schemes using
the proposed learning algorithm in Algorithm 1, within a LoS
scenario involving 100 antennas and 1 UE. Fig. 11 illustrates
the training loss as a function of the number of iterations. The
results show that the proposed learning algorithm effectively
optimizes all three FD-DPD schemes. FD-GMP converges
faster due to its simpler model with fewer parameters, while
FD-CNN converges more slowly, likely due to the complexity
of the convolutional layers compared to the use of IDFT and
FFT operations in FD-GMP and FD-NN.

VI. CONCLUSION

In this study, we analyzed complexity-performance trade-offs
of TD and FD DPD methods in fully digital MIMO systems
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within FR1, focusing on linearization requirements in various
channel conditions, UE numbers, and antenna crosstalk. Our
findings suggest that lower-complexity FD-DPDs can be used in
many MIMO scenarios, thanks to the relaxed OOB linearization
requirements. We proposed a novel FD CNN-based DPD with
lower complexity than other TD and FD benchmarks when
the number of BS antennas exceeds 4 or UEs are fewer than
64. Additionally, we proposed a new learning algorithm for
any FD-DPD with a differentiable structure. We conducted a
comprehensive analysis across LOS and isotropic scattering
channels, with varying number of UEs in FR1. Our results show
that FD-DPD, particularly our FD-CNN DPD, perform effective
in both channels, when dealing with fewer UEs, satisfying
3GPP in-band and OOB linearity requirements while reducing
complexity. However, in scenarios with a high number of
UEs (> 10 in LOS and > 4 in isotropic scattering channels),
TD-DPDs are preferable to meet the 3GPP requirements.
Furthermore, the proposed learning algorithm for FD-DPDs
achieves better linearization performance than TD-DPDs using
ILA under antenna crosstalk. These insights provides valuable
guidance for selecting DPD schemes tailored to specific
complexity constraints and linearization requirements in fully
digital massive MU-MIMO systems in FR1. The complexity
reduction achieved with the FD-CNN model also encourages
the use of digital arrays at higher frequencies, such as FR2.

APPENDIX A
COMPUTATIONAL COMPLEXITY CALCULATION

A. TD-GMP

The number of FLOPs required for the GMP with each input
sample is computed as [29, Eq. (16-18)]

CTD-GMP
Samp =8

(
(MTD + 1)(K + 2KG)− G(G+ 1)

2
(K − 1)

)
+10 + 2K + 2(K − 1)G+ 2K min(G,MTD). (21)

Each TD GMP-based DPD corresponds to an antenna of the
massive MU-MIMO system. The number of FLOPs required
per QAM symbol can be calculated as

CTD-GMP = CTD-GMP
Samp RNdB/Nd = CTD-GMP

Samp RB . (22)

B. FD-GMP

In the FD-GMP [9], [12], the additional IDFTs and DFTs
introduce an extra complexity cost. More importantly, the
OOB subcarriers of the predistorted signal are no longer empty
after the DFTs, which leads to an additional complexity cost
associated with the precoding. The number of FLOPs required
per QAM symbol is calculated as

CFD-GMP =
1

Nd

(
CTD-GMP

Samp NdR(U + V )︸ ︷︷ ︸
GMP of Multiple beams

+
(
U + (U + V )KMFD

)
(4N log2N − 6N + 8)︸ ︷︷ ︸

(I)DFTs

+ (6 + 2)(UNg +NV )B︸ ︷︷ ︸
Extra precoding

)
(23)

≈
(
CTD-GMP

Samp + 4KMFD log2N + 8B
)
R(U + V ), (24)

where the factors 6 and 2 in the extra precoding part of (23) are
for complex-number multiplication and addition, respectively.
Considering the fast Fourier transform (FFT), the complexity
of a N -size (I)DFT requires (N log2N − 3N + 4) real
multiplications and (3N log2N − 3N + 4) real additions [50],
and there are U IDFTs and (U + V )KM DFTs.

C. FD-NN

Similar to FD-GMP, FD-NN requires additional IDFTs,
DFTs, and precoders. For each UE, the number of FLOPs
required for the FD-NN per QAM symbol can be computed as

CFD-NN =
(
N
(
4U(MFD + 1)D + 2(KNN − 1)D2 + 4DU

)︸ ︷︷ ︸
NN

+ 2U(4N log2N − 6N + 8))︸ ︷︷ ︸
(I)DFTs

+ (6 + 2)NgUB︸ ︷︷ ︸
Extra precoding

)
/Nd (25)

≈ (D +D2/U + 8B)RU. (26)

D. FD-CNN

To calculate the complexity of the convolution layer part,
we note that each 2D convolution operation with a kernel
size of KC requires (2K2

C − 1) FLOPs, which consists of K2
C

real-valued multiplications and (K2
C − 1) real-valued additions.

For the first layer of the FD-CNN, NConv1 convolutional kernels
operate on 2U real-valued UE symbol matrices with stride
length KS, which contributes to the number of FLOPs for the
first convolution layer part as CFD-CNN

Conv1 = 2NConvU(2K2
C −

1)
(
d
√
Nde/KS

)2
. Similarly, we can calculate the number of

FLOPs for the second layer of the FD-CNN consisting of 2U
convolutional kernels, which gives the same complexity as the
first layer: CFD-CNN

Conv2 = CFD-CNN
Conv1 . The number of FLOPs for the

fully-connected layer part is CFD-CNN
FC = 8NdU

(
d
√
Nde/KS

)2
.

In total, the number of FLOPs required for the FD-CNN per
UE and QAM symbol is calculated as

CFD-CNN = (CFD-CNN
Conv1 + CFD-CNN

Conv2 + CFD-CNN
FC )/Nd (27)

≈ 8(K2
CN

Conv1 +N d)U. (28)
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