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Abstract This letter proposes a methodology for phase- PA modeling and DPD in [5], [6] where the in-phase (I) and
normalization of the complex-valued 1/Q inputs of a real-valued quadrature-phase (Q) signal parts are individually provided to
time delay neural network (RVTDNN). The normalization g single time-delay NN. Since the nonlinear distortions at radio
enables modeling of the nonlinear behavior of a radio frequency frequency (RF) mainly depend on the envelope of the passband
(RF) power ampli er (PA) in a more ef cient way, by complying signal, it is suggested in [6] to augment the RVTDNN by
with the physical characteristics of the distortions at RF. The provid’ing the baseband amplitudes as NN inputs, as well as

resented digital predistortion (DPD) linearization experiments . h
\?vith a DOheI!tg); Gaﬁ’\l PAI at 31_5 G(Hz S%O'W a de' impéf/er'nem in Powers thereof. Deep, convolutional, and residual feed-forward

the output linearity compared to state-of-the-art neural network NN structures are discussed in [4], [7], [8], and [9], which all
(NN) and polynomial-based DPD models, allowing linearization rely on a similar input data con guration with decomposed |
to below 50 dBc adjacent channel leakage ratio (ACLR) levels and Q inputs, and the same approach has been employed for
with feasible processing complexity. linearizing a load-modulated balanced PA [10], beamforming,

Index TermsBehavioral modeling, digital predistorion ~ or MIMO transmitters [11], [12], [13], for joint DPD and
(DPD), nonlinear distortion, radio frequency (RF) power ampli- PAPR reduction [14], or self-interference cancellation in full-
er (PA), time-delay neural network (NN). duplex radio [15], [16]. Recurrent NN (RNN) structures have
also been studied as an alternative to feed-forward NNs, suited

. INTRODUCTION )
IGH transmission linearity is key to achieving the datc%spemally for strong PA memory effects [17], [18], [19], [20].

rates envisioned for 5G-advanced and 6G communi NNs are, however, complex to train, since the recurrent
iS_ructures need to be unrolled to ensure temporal consistency

ring training. This work thus limits itself to feed-forward
structures.

tions. Yet, the trend toward higher bandwidth and high pe
to-average power ratio (PAPR) of modern transmit wavefor

challenge linear ampli cation at high efciency. Efcient o
power ampliers (PAs), supporting such high bandwidth Although RVTDNN can be scaled to outperform traditional

demand additional correction to ensure linear transmissiér?pr%a%hes.t’hit can bte dcf:}':llleggedbwhdether al real-val;;e_d TIN’
Digital predistortion (DPD) is the de facto implementatior‘?rOVI ed with separated I/Q baseband signals, can ef ciently

approach for linearizing PAs, wherein a distortion mod odel the RF behavior Of. the PA, since the real-valued
is applied at baseband to cancel out the PAs nonlinedftre of the NN prevents it from understanding the role of
and dynamic passband behavior [1]. Several Volterra- a complex baseband phase for the bandpass nonlinearity.

ivnomial-based model h th neralized mem tead, the RVTDNN will model the distortion in a 2-D
polynomiai-base odels, such as he generalize e space and consequently needs to learn the nonlinear

polynomial (GMP) [2], or the dynamic deviation reductionyapning for each individual 1/Q phase angle, without support
(DDR) model [3] have been successfully applied. Howevegr the physical nature of the problem. On the other hand,
these models face limitations when scaled to greater accurapy high generality of the RVTDNN allows modeling effects
as the high correlation of polynomial kernels impedes thfiat are nonphysical at RF, including 1/Q imbalance [6].
identi cation of suitable model coef cients [4]. ~This generality comes at the cost of a high complexity. The
As high linearity is a crucial requirement for highproplem is addressed in [21] with a physically inspired model,
throughput communication, neural networks (NNs) are beifging decomposed I/Q phase differences alongside the signal
researched as a potential modeling solution, offering enhanegfelope to produce an absolute output and a phase difference.
scalability and generality compared to polynomial approach&ghile complying with the physical origin of the distortions,
The real-valued time-delay NN (RVTDNN) is proposed fofhe NN has to map inputs from the 1/Q space to an angular
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Fig. 1. (a) RVTDNN with proposed phase normalization, highlighted in red. The phase of the I/Q inputs is normalized by apilyamgl restored at the
NN output. Grayed inputs are additionally pruned as redundant or zero. (b) lllustration of phase normalization for two example inputs (yellow and purple).

phase de-
normalization

()*

ABA1 L

\N>_/\__~/

phase normalization

_ Pt @respective z(k)

= 51 (k) + G (k)

1,2,3..P augmented inputs

B
{ o (k)

A/

N/
@

(a)

This letter presents a novel approach for RVTDNN modsuch that the instantaneous input has a zero phase. Thus, the
els with decomposed I/Q inputs, which yields a signi canhormalization is applied on a per processed input sami{é
improvement in modeling accuracy. The proposed methodaad memory I/Q inputs are rotated according to the phase of
compliant with the physical characteristics of the nonlinear.k/. The factorr.k/ is given by the complex conjugate of
distortions, allowing the NN to map PA nonlinearity in ahe instantaneous input, normalized by its absolute as
more ef cient way. Specically, we propose an I/Q phase . .
normalization for preprocessing the I/Q inputs to an RVTDNN, r.k/ D x .Ki=jx. k] @)

where the current and past I/Q samples are rotated with respggkrex denotes the complex conjugate xaf The complex-

to the angle of the instantaneous sample. The original phaged samples coming out of the input delay line of the

learn mappings with reference to a normalized phase. The

proposed scheme is experimentally evaluated in the context ofX.k/ D r.k/ x.k/; x.k  U;x.k 2):::x.k  M/U (2)
PA behavioral modeling and DPD linearization, and shown
outperform the state-of-the-art. Section Il details the propose
method, while Section Ill provides the behavioral modeling 8 .kI D T<.X.kil: =.X.kll; A.kl::::: A.kIPU (3)

and DPD measurement results. Section IV concludes the .
ndings of this letter. whereA.k/ is a real-valued envelope vector

A.k/I D T.k/j; jx.k  Uj;::0jx.k - M/jU 4)

d the composite real-valued input vector to the NN reads

Il. PROPOSEDPHASE NORMALIZATION In consequence of the phase normalization, the real part of the

During RF up-conversion, the amplitude of complex bas@stantaneous sample X.k/ will coincide with its absolute
band samples gets mapped to the RF envelope, while tl&ue while its imaginary part becomes zero. These zero and
derivative of the baseband phase modulates the frequencyredfundant inputs can be pruned from the input ve8tok/,
the transmitted waveform. Consequently, the specic basadditionally reducing the complexity of the NN. We note that
band phase of the signals is not seen by the nonlineaty other reference phase angle may be chosen instead of the
PA and is irrelevant to the modeling problem. We proposeero phase without affecting the proposed method.

a phase-normalization input layer for preprocessing of theThe input vector8 .k/ is processed by a real-valued feed-
RVTDNN 1/Q inputs, which removes the speci ¢ phase sucforward nonlinear NN4 T Uwith an arbitrary architecture,
that the NN can efciently focus on memory effects withusually comprising one or more hidden-layers with nonlinear
respect to the relative phases. Thus, instead of modeling Hwtivation, followed by a linear output layer. This is formally
distortion for any possible input phase, the real-valued NN widixpressed as

map the PA behavior with respect to only a single reference )

phase and provide a complex-valued output relative to that Y.k D 4[8 K] ®)

reference, which enables greater accuracy at lower complexife hidden layers can be fully connected or convolutional
The speci ¢ phase is then restored at the mpdel output. TI?ﬁ/ers or residual NN structures [4], [7], [8], [9]. Without loss
NN operates on the envelope and the relative phase of #{generality, NNs with fully connected layers are considered
input signal, thus theoretically having unconstrained modelifg this letter. The output layer provides two outpittsk/ D
potential for RF nonlinearity. The proposed scheme is depicteg /. Yo.k/Uwhich resemble the | and Q parts, but with ref-
in Fig. 1, with additions to the RVTDNN highlighted in red.erence to the normalized input. For the complex-valued model
As examples, the normalization of two independent sets of NNitput the specic phase is restored by multiplying with a
I/Q inputs is illustrated, where the current samples are rotatggnormalization factor given by the normalized instantaneous
toward zero phase and related memory samples are rotagglit, or preferably, the complex conjugate of the already

accordingly. _ _ de ned normalization factor, expressed as
In order to normalize the phase, the 1/Q inpxsk/ are

rotated by multiplication with a normalization factork/, Yk/ D x.k/=jx.klj Y, C jYqo Dr K/ Y, CjYq: (6)
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z RN\ ety ILC baseline - - 497dB -56.6dB 1.14%
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First, we demonstrate the proposed method in the conteXts £
. e
of PA forward modeling. Three models are evaluated witl3 g o
an input-output data of a Doherty GaN PRTH18008S-30 g4 s
running a 100-MHz 5G OFDM waveform [30 kHz subcarrier‘g oz S onia ® vithoutDPD_
spacing (SCS), 273 resource blocks (RBs)] [23] at 1.8 GHZ. © M RVTONN fhis word
The NN models were trained for 1000 epochs on 120k 0, (')2 YRrYe— .W/zor!"-'- o os os
Samples using the adaptlve moment (ADAM) Optlmlzer’ and No'rmalize'd input.amplitt,llde No-rmalize-d input.amplitu.de

the normalized mean-squared error (NMSE) was evaluated on

40k samples. Each setting is evaluated ve times and resufis. 5. AM AM and AM PM plots for the original and linearized PA.

are averaged, to account for the random initialization of the

NN coef cients. All the compared models use a memory depilyof cjents were considered as two real-valued equivalent

M D 7and rst-and thlrd.-order envelope terms. The evaluat ef cients for complexity comparison. Fig. 3 depicts the

N'\('j rg(_)dels_cTave_ong h|dg_en Izayehr with xa”edhneurgnNcl:\zg' earization performance in terms of worst adjacent channel

ap h |gF;{r\n/_(|)_:DN?\lct|vgiﬂon.d 9. k S OhWS the ac d'evﬁ feakage ratio (ACLR) and the error vector magnitude (EVM).

of the I With and without the proposed phase Nk the proposed phase normalization applied, the RVTDNN

malization, alongside the approaches of [21] and [22]. ThE; hes ‘an ACLR of below 50 dBc if scaled to beyond

modeling results indicate a clear improvement when applyig, arameters. Table | reports detailed results for the different

the proposed phase normalization for low as well as hi odels and Fig. 4 shows the corresponding power spectra.

complexity models. o .AM AM and AM PM plots showing the linearized behavior
Next, we apply the proposed phase normalization for linge 'hresented in Fig. 5. The proposed phase normalized

earizing a GaN Dpherty PAQ(PA35O3 with C35.6 d_Bm' RVTDNN clearly outperforms the state-of-the-art.
output power, running a 5G compliant 160-MHz multicarrier

waveform at 3.5 GHz, with 8.5 dB overall PAPR and four

40-MHz carriers (30 kHz SCS, 106 RBs per carrier) [23]. IV. CONCLUSION

The NI PXle-5840vector signal transceiver (VST) is used for A novel phase normalization scheme for NN 1/Q inputs was
analog signal generation and RF upconversion, and as recepy@sented, which enables an RVTDNN to ef ciently model
for the ampli ed signal. We utilize the iterative learning conRF nonlinear distortions at baseband. The provided modeling
trol (ILC) scheme [24] to derive an ideal DPD signal, whicland DPD linearization RF experiment results show signi cant
we then use to train the NN models. The same training coperformance gains when applying the method, or alternatively,
guration is applied as in the forward modeling experimenta signi cant reduction in NN complexity for achieving the
Note that the ILC-based training approach was chosen feame linearization. Furthermore, the phase normalization does
model evaluation purposes. In an adaptive real-time deplayet restrict the modeling degrees of freedom and thus allows
ment, ILC based pretraining may be combined with indirestaling toward high parameter counts and higher model-
learning [6] or closed-loop adaptation of the models [10ing accuracy. The proposed scheme can be combined with
A GMP [2] predistorter is provided for reference, tuned usingny feed-forward-type TDNN model available in the DPD
least-squares tting on the ILC data; the complex-valueliterature.



1360

(1]

(2]

(3]

(4]

(5]

(6]

(7]

(8]

(9]

[10]

[11]

[12]

IEEE MICROWAVE AND WIRELESS TECHNOLOGY LETTERS, VOL. 33, NO. 9, SEPTEMBER 2023

REFERENCES [13]

J. Wood, System-level design considerations for digital pre-distortion of
wireless base station transmitterlEEEE Trans. Microw. Theory Techn.
vol. 65, no. 5, pp. 1880 1890, May 2017.

D. R. Morgan, Z. Ma, J. Kim, M. G. Zierdt, and J. Pastalan, A gener[14]
alized memory polynomial model for digital predistortion of RF power
ampli ers, IEEE Trans. Signal Processiol. 54, no. 10, pp. 3852 3860,

Oct. 2006. [15]
A. Zhu, J. C. Pedro, and T. J. Brazil, Dynamic deviation reduction*
based Volterra behavioral modeling of RF power ampli ertfEE
Trans. Microw. Theory Techn.vol. 54, no. 12, pp. 43234332,
Dec. 2006.

R. Hongyo, Y. Egashira, T. M. Hone, and K. Yamaguchi, Dee[im]
neural network-based digital predistorter for Doherty power ampli ers,
IEEE Microw. Wireless Compon. Lettvol. 29, no. 2, pp. 146 148,

Feb. 2019.

M. Rawat, K. Rawat, and F. M. Ghannouchi, Adaptive digital predistorIN]
tion of wireless power ampli ers/transmitters using dynamic real-valued
focused time-delay line neural network$EEE Trans. Microw. Theory
Techn, vol. 58, no. 1, pp. 95 104, Jan. 2010. 1
D. Wang, M. Aziz, M. Helaoui, and F. M. Ghannouchi, Augmented[ 8]
real-valued time-delay neural network for compensation of distortions
and impairments in wireless transmitter$£EE Trans. Neural Netw.
Learn. Syst.vol. 30, no. 1, pp. 242 254, Jan. 2019.

X. Hu et al., Convolutional neural network for behavioral modeling
and predistortion of wideband power ampli erdEEE Trans. Neural
Netw. Learn. Systvol. 33, no. 8, pp. 3923 3937, Aug. 2022.

Z. Liu, X. Hu, L. Xu, W. Wang, and F. M. Ghannouchi, Low 20]
computational complexity digital predistortion based on convolutional
neural network for wideband power ampli erslEEE Trans. Circuits

Syst. Il, Exp. Briefsvol. 69, no. 3, pp. 1702 1706, Mar. 2022.

Y. Wu, U. Gustavsson, A. G. |. Amat, and H. Wymeersch, Residugl1]
neural networks for digital predistortion, iRroc. IEEE Global Com-
mun. Conf. Dec. 2020, pp. 1 6.

E. Guillena, W. Li, G. Montoro, R. Quaglia, and P. L. Gilabert, Recon-
gurable DPD based on ANNs for wideband load modulated balanceg?]
ampli ers under dynamic operation from 1.8 to 2.4 GHIEEE Trans.
Microw. Theory Technwvol. 70, no. 1, pp. 453 465, Jan. 2022.

A. Brihuega, L. Anttila, and M. Valkama, Neural-network-based digital
predistortion for active antenna arrays under load modulatitfEE
Microw. Wireless Compon. Letizol. 30, no. 8, pp. 843 846, Aug. 2020.
P. Jaraut, M. Helaoui, W. Chen, M. Rawat, N. Boulejfen, andR4]
F. M. Ghannouchi, Review of the neural network based digital predis-
tortion linearization of multi-band/MIMO transmitters, IEEE MTT-S

Int. Microw. Symp. Dig.May 2021, pp. 1 3.

(19]

(23]

C. Tarver, A. Balalsoukas-Slimining, C. Studer, and J. R. Cavallaro,
Virtual DPD neural network predistortion for OFDM-based MU-
massive MIMO, inProc. 55th Asilomar Conf. Signals, Syst., Comput.
Oct. 2021, pp. 376 380.

Z. Liu, X. Hu, W. Wang, and F. M. Ghannouchi, A joint PAPR reduction
and digital predistortion based on real-valued neural networks for
OFDM systems, IEEE Trans. Broadcastvol. 68, no. 1, pp. 223 231,
Mar. 2022.

A. Balatsoukas-Stimming, Non-linear digital self-interference cancella-
tion for in-band full-duplex radios using neural networks, Rroc. IEEE
19th Int. Workshop Signal Process. Adv. Wireless Commun. (SRAWC)
Jun. 2018, pp. 1 5.

Y. Kurzo, A. T. Kristensen, A. Burg, and A. Balatsoukas-Stimming,
Hardware implementation of neural self-interference cancellation,
IEEE J. Emerg. Sel. Topics Circuits Systol. 10, no. 2, pp. 204 216,
Jun. 2020.

J. Sun, W. Shi, Z. Yang, J. Yang, and G. Gui, Behavioral modeling and
linearization of wideband RF power ampli ers using BiLSTM networks
for 5G wireless systems)JEEE Trans. Veh. Technolvol. 68, no. 11,

pp. 10348 10356, Nov. 2019.

T. Kobal, Y. Li, X. Wang, and A. Zhu, Digital predistortion of
RF power ampliers with phase-gated recurrent neural networks,
IEEE Trans. Microw. Theory Technvol. 70, no. 6, pp. 3291 3299,
Jun. 2022.

G. Xu, H. Yu, C. Hua, and T. Liu, Chebyshev polynomial-
LSTM model for 5G millimeter-wave power ampli er linearization,
IEEE Microw. Wireless Compon. Lettvol. 32, no. 6, pp. 611 614,
Jun. 2022.

T. Kobal and A. Zhu, Digital predistortion of RF power ampli ers
with decomposed vector rotation-based recurrent neural networks,
IEEE Trans. Microw. Theory Technvol. 70, no. 11, pp. 4900 4909,
Nov. 2022.

E. G. Lima, T. R. Cunha, and J. C. Pedro, A physically meaningful
neural network behavioral model for wireless transmitters exhibiting
PM AM/PM PM distortions, IEEE Trans. Microw. Theory Techn.
vol. 59, no. 12, pp. 3512 3521, Dec. 2011.

Y. Zhang, Y. Li, F. Liu, and A. Zhu, Vector decomposition based
time-delay neural network behavioral model for digital predistortion
of RF power ampliers, |IEEE Access vol. 7, pp. 91559 91568,
Jul. 2019.

NR; Base Station (BS) Radio Transmission and Receptimtu-
ment Tech. Spec. 38.104, V 18.1.0, Release 18, 3GPP, Apr. 2023.

J. Chani-Cahuana, P. N. Landin, C. Fager, and T. Eriksson, Iter-
ative learning control for RF power amplier linearization|EEE
Trans. Microw. Theory Techn.vol. 64, no. 9, pp. 27782789,
Sep. 2016.



