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Abstract — In this paper, we study digital predistortion (DPD)
based linearization with specific focus on millimeter wave (mmW)
active antenna arrays. Due to the very large channel bandwidths
and beam-dependence of nonlinear distortion in such systems,
we propose a closed-loop DPD learning architecture, look-up
table (LUT) based memory DPD models, and low-complexity
sign-based estimation algorithms, such that even continuous DPD
learning could be technically feasible. To this end, three different
learning algorithms – sign, signed regressor, and sign-sign –
are formulated for the LUT-based DPD models, such that the
potential rank deficiencies, experienced in earlier methods, are
avoided. Then, extensive RF measurements utilizing a state-of-
the-art mmW active antenna array system at 28 GHz are carried
out and reported to validate the methods. Additionally, the
processing and learning complexities of the considered methods
are analyzed, which together with the measured linearization
performance figures allow to assess the complexity-performance
tradeoffs. Overall, the results show that efficient mmW array
linearization can be obtained through the proposed methods.

Keywords — Array transmitters, nonlinear distortion, digital
predistortion, mmW frequencies, sign algorithm, signed regressor,
Hadamard, lookup table, ACLR.

I. INTRODUCTION

The adoption of modern, spectrally efficient waveforms
with high peak-to-average power ratio (PAPR), most notably
OFDM, complicates operating power amplifiers (PAs) close
to saturation [1]. To ensure a good power efficiency, while
still emitting sufficiently low distortion levels, digital predis-
tortion (DPD) based linearization is a well-known and widely-
applied approach. In the existing literature, different DPD
architectures and modeling methods have been widely studied,
reflecting different processing complexities and linearization
performance, with good overviews being available in [1]–[3].

In modern DPD use cases, particularly the active antenna
array based base-stations of the emerging 5G New Radio (NR)
networks at mmW bands (referred to as the frequency range 2,
FR2) [4], the effective nonlinear distortion has been observed
to be beam-dependent [5], and thus fast DPD adaptation is
required. This issue, together with the very wide channel
bandwidths [4], and thus DPD processing rates, calls for low-
complexity DPD systems and parameter learning algorithms.
Such methods are currently under intensive research and form
also the topic of this paper.

To this end, the authors in [5] present a comprehensive
overview of 5G NR array linearization, while [6] investigates
a reduced complexity approach by utilizing the combined PA
output signals together with a computationally efficient closed-
loop (CL) learning rule to minimize the distortion in the main
beam direction. In [7], in a more traditional single-antenna
DPD context, the use of 1-bit observations in CL learning is
considered, together with a sign-based Gauss-Newton (GN)
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Fig. 1. The Closed-loop DPD system based on injection. G is the estimate
of the complex linear gain of the chain and K is the number of antennas.

learning algorithm. In [8], a GN signed regressor algorithm
(SRA) is developed for real-valued feedback signals. The
signed regressor matrix is, however, rank deficient, and thus an
additional Walsh-Hadamard transformation is applied to make
it invertible. In [9], an LUT based memory polynomial (MP)
DPD with a sample-adaptive least mean squares (LMS) SRA is
proposed. However, in this work each LUT in the MP structure
is updated independently, making the solution sub-optimal. In
[10], direct least squares (LS) and GN adaptations for linearly
interpolated LUT-based Volterra models are proposed in indi-
rect learning architecture (ILA) and CL context, respectively.

In this paper, contrary to the earlier CL works in [7]–
[10], we adopt the so-called injection-based DPD structure [6],
[11], and formulate various signed learning methods based on
both GN and block-LMS, while adopting LUT-based memory
DPD models. LUT-based structures are generally simpler than
polynomial-type ones used in the reference works [6]–[8],
allowing large reductions in terms of the processing and
learning complexities. Furthermore, adopting the injection-
based DPD allows to significantly reduce the LUT sizes, such
that 16 or 32 entries are enough for efficient linearization,
without interpolation. Additionally, the use of non-interpolated
LUTs avoids the rank deficiencies in the SRA and sign-sign al-
gorithms and thus the additional matrix transformation, which
were experienced in [8]. Due to their low complexity and
closed-loop nature, the developed solutions allow for fast real-
time adaptation, and thus potentially on-chip implementations
and continuous learning.

Extensive RF measurement results at 28 GHz, utilizing a
state-of-the-art 64-element active antenna array and 400 MHz
5G NR waveform, are reported and analyzed. The obtained
linearization results, together with the provided detailed com-
plexity analysis, show that the proposed methods provide very
favorable complexity-performance tradeoffs, while meeting the
3GPP 5G NR [4] emission requirements for FR2. Overall, the
results show that efficient mmW array linearization can be
obtained through the proposed methods.
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II. CLOSED-LOOP DPD SYSTEM

In this work, we adopt the MP DPD model, where the high-
order polynomial functions are replaced with Q entry-sized
LUTs [10]. This model is adopted due to its low processing
complexity [9], [12]. Additionally, the system builds on a
closed-loop learning architecture, where the DPD coefficients
are directly adapted using the input signal x[n] and observed
signal y[n], obtained from an over-the-air (OTA) observation
receiver, following the notations shown in Fig. 1. It is also
noted that even though our primary applications are in the
mmW array transmitters, the proposed techniques are applica-
ble to any single-input single-output DPD systems.

Formally, the input-output relation of the DPD, for a block
of N samples, is expressed as

xDPD = x + Φw, (2)

where Φ ∈ CN×C is the input data matrix, whose structure
in the MP case with memory depth M is shown in (1), x =
[x[n], x[n+1], · · · , x[n+N−1]]T is the input data vector, and
C = MQ is the total number of model coefficients. The vector
w ∈ CC×1 contains the LUT entries, and it is initialized as a
zero vector in the first DPD iteration. In (1), the vector ξξξn is
defined as

ξξξn ∈ RQ×1 =
[
0 · · · 0 1 0 · · · 0

]T
, (3)

where the unit element is inserted in the index pn, defined as

pn =

⌊
|x[n]|
∆x

⌋
+ 1. (4)

Thus, the input sample x[n] is multiplied with the correspond-
ing LUT gain, which is indexed by the input magnitude |x[n]|.
∆x is the amplitude spacing of the LUT entries, defined as the
maximum input magnitude divided by the desired number of
LUT entries, Q.

Formulating the LUT-based DPD as a linear-in-parameters
model as in (2), allows us to apply traditional closed-loop
learning techniques, such as GN or LMS-type adaptations.
Defining the error signal ek ∈ CN×1 = xk − yk

G , for block
iteration k, the damped GN and block-LMS learning rules can
be defined, respectively, as [8], [10], [11]

wk+1 = wk + µ
(
ΦH

k Φk

)−1
ΦH

k ek, (5)

wk+1 = wk + µΦH
k ek, (6)

where µ is the learning rate.
Finally, we note that the formulations in (2)–(6) are quite

general, and can be applied with other LUT-based DPD models
as well, such as those following generalized MP or Volterra-
DDR models (see [10] for an example).

III. SIGNED ALGORITHMS

The classical definition of the complex signum function
projects a non-zero complex number to the unit circle of the
complex plane [13]. The magnitude of the resulting number, z̄,
is 1, but the real and imaginary parts are not equal to ±1, thus
no complexity reduction can be achieved when multiplying
with z̄. To remove the need for multiplications, we define the
complex signum function instead as

csgn(z) := sgn(Re(z)) + j sgn(Im(z)), (7)

which provides either -1 or +1 for the real and imaginary parts.
For matrices, the operation is taken element-wise.

A. The Sign Algorithm

The sign algorithm is obtained by signing the error signal
en in the learning rules presented in (5) and (6). The mo-
tivation is to avoid multiplications in calculating ΦHe, such
that only additions remain, which are less resource-intensive
operations in digital signal processing (DSP) implementations.
By signing the error vector, the DPD learning rules read

wk+1 = wk + µ
(
ΦH

k Φk

)−1
ΦH

k csgn(ek), (8)

wk+1 = wk + µΦH
k csgn(ek). (9)

An implementation of the sign GN algorithm was shown in [7].

B. The Signed Regressor Algorithm

The SRA method signs the input data matrix in the learning
rules. Multiplications in the terms ΦHΦ and ΦHe (GN),
and ΦHe (LMS) are thus avoided, making the computational
complexity of the learning rule lighter. The SRA learning rules
can be expressed as

wk+1 = wk + µ
(

csgn(ΦH
k )Φk

)−1

csgn(ΦH
k )ek, (10)

wk+1 = wk + µ csgn(ΦH
k )ek. (11)

It is important to note that all polynomial-based DPD ap-
proaches, as well as linearly interpolated LUTs, will suffer
from a rank deficiency in the signed data matrix csgn(ΦH

k ),
as repeated columns or linear combinations between them will
appear. An example is presented in [8], in the context of
an MP DPD. In such a case, the estimated DPD coefficients
will diverge, as they do not have a unique solution. One way
to solve this problem is to apply a unitary Walsh-Hadamard
transformation to gaussianize the distribution of csgn(ΦH

k )
and make it full rank [8]. This, however, further increases
the complexity in the learning rule. On the other hand, with
the proposed LUT-based DPD approach, the rank deficiencies
are avoided, as the structure of this model does not lead to



Table 1. Complexity analysis of the normal and signed learning methods presented throughout the paper, in terms of real multiplications and real additions per
DPD learning iteration. The last column presents a numerical example when N = 25 ksamples, Q = 32, M = 4, and C =MQ = 128.

Real multiplications Real additions Real mul. / Real Add.

Gauss-Newton C3 + 4M2(N + 1) + 2M(2N + 1) 2
(
2M2N +M(2N +M − 1) + 2C

)
(4 / 2)× 106

Sign Gauss-Newton C3 + 4M2(N + 1) + 2C 4M2N + 2M(N +M − 2) + 2C + 2N log2(N) (3.7 / 2.5)× 106

SRA Gauss-Newton C3 + 4M2 + 2M 2
(
M2N +M(M +N − 2) + 2C

)
+ 2N log2

(
NM

2

)
(2 / 1.8)× 106

Sign-sign Gauss-Newton C3 + 2M 2
(
M2(N − 1) +M(N +M − 2) + C

)
+ 2N log2

(
N2 M

2

)
(2 /2.5 )× 106

Block-LMS 2M(2N + 1) 2(MN + C) (400 / 200)× 103

Sign block-LMS 2M M(N − 1) + 2C + 2N log2(N) 8 / 100× 103

SRA block-LMS 2M M(N − 1) + 2C + 2N log2
(
NM

2

)
8 / 880× 103

Sign-sign block-LMS 0 2M(N − 1) + 2C + 2N log2
(
N2 M

2

)
0 / 170× 103

repeated or linearly dependent columns in csgn(ΦH
k ). Thus,

the SRA learning rule can be directly applied, with no extra
matrix transformations needed.

C. The Sign-Sign Algorithm

Finally, the sign-sign algorithm applies the signum function
to both the data matrix and the error vector, further reducing
the overall complexity. The same discussion about the rank
deficiency problem applies here as well. The learning expres-
sions with the sign-sign algorithm read

wk+1 = wk + µ
(

csgn(ΦH
k )Φk

)−1

csgn(ΦH
k ) csgn(ek),

(12)

wk+1 = wk + µ csgn(ΦH
k ) csgn(ek). (13)

D. Learning Complexity Comparison

The learning complexity is analyzed in terms of real multi-
plications and real additions per DPD coefficient update, over
an N -sized block of samples. It is assumed that one complex
multiplication is implemented with 4 real multiplications and 2
real additions. Table 1 presents the complexity expressions of
the GN and block-LMS adaptive learning methods, covering
the original learning rules in (5) and (6) and the sign-based
versions in (8)–(13). The last column shows a numerical
example with N = 25 ksamples, Q = 32, M = 4, and
C = MQ = 128, which is the same parameterization used
in the experimental results in Section IV. The complexities
of the signed GN algorithms are clearly reduced, but are still
clearly higher than those of the LMS algorithms, mainly due
to the required matrix inversion. The signed LMS algorithms
provide remarkably simple options for learning.

IV. EXPERIMENTAL RESULTS

A. 28 GHz Active Array Experimental Setup

Shifting towards mmW frequencies [5], all the experiments
are carried out using an FR2 measurement setup, depicted
in Fig. 2. The transmit chain consists of a Keysight M8190
waveform generator providing the I/Q samples at 3.5 GHz IF,
further devices to upconvert the signal to 28 GHz, and finally
an Anokiwave AWMF-0129 active antenna array. The signal
is measured OTA, downconverted again to IF, and digitized for

3

1
2

4

Fig. 2. RF measurement setup including the Keysight M8190 waveform
generator (1), Anokiwave AWMF-0129 active antenna array (2), horn antenna
as receiver (3), and the Keysight DSOS804A digitizer (4).

DPD processing. The adopted signals are NR FR2 compliant
OFDM waveforms, with bandwidths of 100 and 400 MHz and
subcarrier spacing of 60 and 120 kHz, respectively. The MP-
LUT DPD models utilize LUT entry sizes of Q = 32 and
M = 4 memory branches. The classical MP model (P = 9,
M = 4) in a closed-loop configuration is used as a reference.
The DPD operation is block-based, with a block size of 25
ksamples and 15 closed-loop iterations.

B. Measurement Results

In this section, two evaluations of the proposed DPD
models are provided. The first test features two sets of OTA
measurements using the 400 MHz signal, measured at a highly
nonlinear operation point with EIRP ≈ 43 dBm. The measured
PSDs are depicted in Fig. 3 a) and Fig. 3 b). In both cases, the
performances of the sign and SRA algorithms are not degraded
drastically in comparison with the normal learning methods,
which lie at the same time close to the reference MP model.
The performance of the sign-sign algorithm is also similar
when GN-based learning is utilized, however, it is slightly
degraded on the right hand side of the spectra when adopting
LMS-type adaptation.

The second test, presented in Fig. 4, features an OTA
measurement with 100 MHz NR signal and a varying LUT
entry size Q, while EIRP ≈ 41 dBm. It is seen from the figure
that increasing Q up to 32 improves the DPD linearization
performance, which basically saturates when Q is further
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Fig. 3. OTA NR FR2 400 MHz linearization performance at EIRP ≈ 43 dBm, with original and signed algorithms with a) damped GN and b) block-LMS.
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Fig. 4. OTA NR FR2 100 MHz linearization performance at EIRP ≈ 41
dBm, when varying the LUT entry size, Q = 8, 16, 32, 64.

increased to 64. Compared to the results in [10], the injection-
based DPD structure seems to allow for lower entry sized non-
interpolated LUTs, while the sign algorithms further reduce
the processing and learning complexities. The linearization
performances lie only 0.2 dB (SRA) and 3-3.5 dB (sign, sign-
sign) from the unclipped MP-LUT model. The 5G NR ACLR
limit of 28 dBc, measured using the total radiated power (TRP)
[4] approach, is fulfilled in all cases except when considering
the sign and sign-sign algorithms with Q = 8.

V. CONCLUSIONS

In this paper, we formulated various signed closed-loop
DPD learning algorithms for LUT-based memory DPD, assum-
ing the injection-based DPD structure. Due to the injection-
based DPD design, the LUT entry size required in the DPD
models was decreased, such that 16 or 32 entries were enough
for efficient linearization. Additionally, the use of LUTs
avoided rank deficiencies in the SRA and sign-sign algorithms,
thus eliminating the need for additional matrix transformations
required by earlier approaches. Extensive measurements using
a state-of-the-art 28 GHz active antenna array and up to
400 MHz 5G NR waveforms were reported to validate the
techniques. These results, together with a complexity analysis,

demonstrate that the proposed models have a very favorable
complexity-performance tradeoff.
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