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Abstract—Accurate modeling of radio-frequency power ampli-
fier (PA) behavior is important for analyzing PA characteristics,
developing novel PAs, and implementing digital predistortion
(DPD) systems effectively, ultimately contributing to enhanced
wireless communication performance. In this study, we exam-
ined the performance of neural-network-based PA modeling,
particularly in the case of long short-term memory (LSTM)-
based modeling, using a relatively small training dataset. The
models constructed using various configurations and learning
conditions were compared to evaluate performance differences.
We found that PA behavior can be modeled more accurately when
residual learning and parallel LSTM structures are incorporated.
In addition, incorporating both the instantaneous and smoothed
amplitudes of the input signal as additional model inputs,
alongside the original input signal to the modeled PA, improved
performance.

I. INTRODUCTION

As mobile services grow and become more important,
improving wireless communication technology has become
more crucial. To expand wireless network service areas, radio-
frequency (RF) power amplifiers (PAs) are required to manage
high-frequency signals while delivering high-output power
levels. This requirement causes PAs to operate in a nonlinear
region, which potentially compromises the communication
quality. Therefore, digital predistortion (DPD) techniques have
been developed to compensate for nonlinear distortions by
preprocessing PA input signals. DPDs can be achieved by
constructing an inverse model of the corresponding target
PA. Modeling the forward behavioral characteristics of PAs is
also important for analyzing the PA characteristics, developing
novel PAs, or verifying the performance of DPD systems.

Memory polynomial (MP)-based PA modeling approaches,
such as the generalized memory polynomial (GMP) [1], have
been widely employed in both forward and inverse PA mod-
eling. On the other hand, recent advancements in artificial
intelligence (AI) technology have introduced various neural
network (NN)-based DPDs and behavioral models.

Most NN-based models are built using either convolutional
NNs (CNNs) or recurrent NNs (RNNs). CNN-based models
[2]-[6] can efficiently capture the nonlinearity of PAs using
fewer parameters than fully connected NN (FCNN)-based
models [7], [8]. To enable CNN-based models to capture
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nonlinearity with memory effects [9], it is essential to ex-
plicitly include relevant past signal samples as inputs. RNN-
based models can be realized in several structures, includ-
ing FCNN with recurrent loops [10], [11], long short-term
memory (LSTM) [11]-[15], bidirectional LSTM (BiLSTM)
[11], [16], [17], gated recurrent units (GRU) [11], and just-
another-network (JANET) [18]. RNN-based models do not
necessarily require explicit past signal samples as input, as they
can inherently handle time sequences through their recurrent
structures. Models, including both CNN and RNN, can also
be constructed [19].

The model structure can be further improved by considering
other perspectives. Residual learning approach [6], [20], [21]
often improves model learning performance by employing skip
connections to bypass specific layers within the models. The
model input can be structured in a multichannel form, which
includes not only the real and imaginary parts of the complex-
valued IQ signal as the target PA input but also incorporates
additional features, such as the amplitude and phase of the
1Q signal [18], ambient temperature [5], input power back-off
(IPBO) [5], or transient smoothed power [14].

In this study, we investigate the accuracy of models under
limited training data conditions, with a focus on evaluating the
LSTM-based behavioral models for Doherty PAs [22]. NN-
based models often exhibit higher accuracy than MP-based
models. However, longer training signal data are generally
required for NN-based model training than for MP-based
model training. For instance, while 10,000 samples are used for
an MP-based model training case [23], approximately 300,000
samples are used for an NN-based model training case [24]. We
evaluate the LSTM-based models built with various network
configurations and learning conditions using a training dataset
of approximately 4,000 samples at 122.88 MHz sampling rate.
This corresponds to a duration of approximately 33 us, which
is half the length of a single symbol in the LTE signals.

II. LSTM-BASED BEHAVIORAL MODEL OF RF POWER
AMPLIFIERS

Here, we focus on LSTM-based PA behavioral models as
the primary subject of our study.
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A. Long Short-Term Memory (LSTM)

LSTM [25] was introduced to process time-series data. The
configuration of a LSTM layer is illustrated in Fig. 1. At
discrete time index ¢, the input to the LSTM is denoted by
x;, which can be in multichannel form. The hidden and cell
states are represented by h; and c;, respectively. The forgetting
gate, storage cell, input gate, and output gate are denoted
by f, g, i, and o, respectively. The LSTM controls each gate
based on the current input x; and previous hidden state h;_1,
updates the cell state c;, and generates a new hidden state
h;. The hidden state h; contains information regarding past
input signals, which can be valuable for modeling systems
with memory effects.

B. LSTM-Based PA Model Configuration

We consider an LSTM-based PA behavioral model, as
illustrated in Fig. 2. The primary inputs for the model are the
real part x,(¢) and the imaginary part xz;(¢) of the complex-
valued IQ signal z(t¢). The model outputs two channel signals,
vr(t) and v;(t), as the real and imaginary parts of a complex
signal, respectively. The output signals v,(¢) and v;(t) can
directly be estimates of the real and imaginary parts of a target
PA outputs, y, and y;,

Qr(t) = Ur(t)v gz = vi(t)' (1)

The skip connections in Fig. 2 allow inputs to bypass directly
to outputs, which are utilized as an option in residual learning.
The residual learning refers to modeling only the difference
between the input and output signals. Here, the predicted real
part §,-(t) and imaginary part ¢;(¢) of the PA output signal are
generated as

Ur(t) = ve(t) + 2 (t),  Gi(t) = vi(t) +2i(t). (2

In addition, optional inputs can be added, such as instantaneous
amplitude |z(t)| or smoothed amplitude |z(¢)|. The instanta-
neous amplitude |z(t)| is obtained as

()] = Var()? + 2:(t)*. 3)

By referring to [14], the smoothed amplitude |z(t)| can be
calculated as

[2(8)] = ax[z(t = D]+ (1 = a)|z(1)], )

where the smoothing factor « indicates a time constant. We set
o = 0.25, which is significantly smaller than that used in [14],
to prioritize the modeling of the PA transistor response time
over that of the transient temperature characteristics associated
with the signal power level changes examined in [14].

Figs. 3 and 4 shows the detailed structures of the LSTM-
based model. Both figures use a multi-channel signal x; as
input and output complex signals v,.(¢) and v;(t), where the
multichannel signal &, can include the instantaneous amplitude
|z(t)| and/or the smoothed amplitude |z(¢)|. The structure
shown in Fig. 3 predicts the real part v,.(¢) and the imaginary
part v;(t) from the shared hidden state h; of a single LSTM
through the parallel fully-connected (FC) layers. In contrast,
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Fig. 1. Configuration of LSTM layer.
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Fig. 2. Configuration of LSTM-based PA behavioral model, where the
dashed lines indicate optional skip connections for residual learning.
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Fig. 3. Single LSTM layer structure.
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Fig. 4. Parallel dual LSTM layer structure.

the structure shown in Fig. 4 has two LSTM layers in parallel
and predicts the real part v,.(t) from the hidden state hy of the
first LSTM layer and predicts the imaginary part v;(t) from
h; of the second LSTM layer, respectively. The number of
hidden units in each of the two LSTM layers shown in Fig. 4,
can be smaller than that in the single LSTM layer in Fig. 3, as
each of the two LSTM layers in Fig. 4 independently predicts
the real part v,.(¢) or the imaginary part v;(t). Thus, each FC
layer in Fig. 4 may also have fewer parameters than the FC
layer in Fig. 3.
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Fig. 5. Input signal used in learning (I) and testing (II-IX).

III. SIMULATIONS

Here, we examine the performance of several models built
under various network configurations and learning conditions
using a small training dataset of approximately 4,000 samples.
First, we confirm the effectiveness of the combination of
residual learning and dual LSTM layer structure. Subsequently,
we compare the results obtained when the model input consists
of a two-channel signal with the real and imaginary parts
of the IQ signal and when the absolute value and/or the
smoothed absolute value of the IQ signal are combined with
this two-channel signal. Finally, we evaluate the generalization
performance of the models across various initial learning rates
using a test dataset comprising multiple sections, some of
which have properties distinct from those of the training data.

A. Simulation Conditions

The target PA was a prototyped Doherty-type PA [22]
consisting of 17 W GaN FET as a main amplifier and 34
W GaN FET as a peak amplifier. The signal shown in Fig. 5,
which is the first 1 ms duration of LTE 20MHz E-UTRA Test
Model 2a (E-TM2a) [26], was input to the Doherty PA at gain
level of +33 dBm, and its output was measured at sampling
rate of 122.88 MHz. As shown in Fig. 5, the input signal is
separated in sections I-IX, in which the signal has different
characteristics. The signal in section I, approximately 4,000
samples in length (33 ps at a 122.88 MHz sampling rate), was
used for training. The number of epochs was set as 90. The
learning rate 1 was initially set to an initial value 7y, which
was reduced by 0.5 per 10 epochs. The signals in sections II-
XI were used for testing. For evaluation, the normalized mean
square error (NMSE) was calculated as

Zly—dP
>yl
where y is the complex-valued output of the target PA and
7y is the predicted output. The NMSE values were evaluated
after averaging the results of the five training trials for each

condition.

NMSE = 10log,, [dB], (5)

B. Residual Learning and LSTM-Layer Structure

The NMSE performances with and without residual learning
in single and dual LSTM layer structures are shown in Table I
and Fig. 6, where 19 = 0.01. The single LSTM layer in Fig. 3

TABLE I
NMSES OBTAINED FROM DIFFERENT MODEL STRUCTURES.

NMSE [dB]
w/o Residual w/ Residual
learning learning
Single LSTM —25.30 —35.01
Dual LSTM —25.90 —35.04
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Fig. 6. NMSE convergence.

had 70 hidden units while each of the dual LSTM layers in Fig.
4 had 35 hidden units. These results were obtained by inputting
a complex IQ signal only. Table I shows the NMSEs obtained
from the models trained for 90 epochs. This table shows that a
significant reduction in the NMSE of approximately 9 [dB] was
achieved with residual learning. Fig. 6 shows the convergence
of the NMSE, with markers plotted every 10 epochs. The
results indicate that the dual LSTM structure also contributed
to the improvement in the NMSE convergence speed, although
the residual learning contributed significantly.

C. Input Extension

For the model with residual learning and the dual LSTM
structure, we examined the effect of optional inputs on the
model performance. The results obtained with different input
options are shown in Table II, where we compared four cases:
2 = [a(t)], 2, = [2(t), [e(0)]], @ = [(t), [2(D)]). and @, =
[(t), |z(t)], |z(t)|]. All the models with different input options
were obtained by iterative training of 90 epochs with the initial
learning rate 779 = 0.01. Table II shows that the NMSE was
the lowest when both instantaneous and smoothed amplitudes
were added to the input.

D. Generalization Performances

From the above results, we focused on the model that
employs residual learning and dual LSTM structures with
input x; = [2(t), |z(t)|, |z(t)|]. To evaluate the generalization
performance of the model, the NMSE performance for indi-
vidual sections I-XI of the test signal depicted in Fig. 5 was
assessed by varying the initial learning rate 7y to values of
0.002, 0.005, 0.01, 0.02, 0.05, and 0.1. The results are shown
in Table III. Note that section I was used for training and
‘total” means the NMSE for whole the sections II-IX, but
excluding section I. For sections II, IV, VI, and VIII, where the
input signal level was relatively high, the NMSE values were
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TABLE II
NMSES OBTAINED WITH DIFFERENT INPUT OPTIONS.

LSTM input NMSE [dB]
x; = [x(1)] —35.04
xe = [x(@), [x(®)] —35.00
x; = [x(&), [x(@®)]] —34.65
x = [x(®).1x(@®x®OI | -35.34

TABLE III
NMSES OF INDIVIDUAL SIGNAL SECTIONS WITH DIFFERENT 7)g.

Mo
0.002 | 0.005 0.01 0.02 0.05 0.1
1 |-32.75|—38.21 |—40.65 |—41.62 |—41.94 | —41.81

I -31.97|-37.23 |—39.63 | —40.68 |—41.05|—40.85
I |-24.91|-26.81 | —25.64 | —24.35 | —23.68 |—23.46
IV |-31.27|-36.56 |—39.03 |—40.11 | —-40.53 |—40.58
V |-32.03|-35.49 |—35.51 | —34.96 | —34.55 |—34.36
VI |-32.15|—-37.35 | —39.70 | —40.65 |—41.04 | —40.97
VII |-31.56 | —35.66 |—35.99 | —35.36 | —34.99 |—34.73
VIII|-31.55|—-36.79 | —39.18 |—40.15 |—40.49 | —40.42
IX |-25.17|-27.54 | —26.25 | —24.84 |—24.13 |-23.88
total|~30.93 | —34.94 |—35.34 | —34.72 | —34.29 |—34.08

NMSE [dB]

reduced when using larger values of 79, such as 0.05 and 0.1.
For sections III, V, VII, and IX, where the input signal level
was relative low, the NMSE values were reduced when using
smaller values of 79, such as 0.005 and 0.01. These results
suggest that the initial learning rate should be set according to
the input signal level, i.e., using a higher value for high signal
levels and a lower value for low signal levels. Fig. 7 shows
an example of the spectral prediction error for the test signal
in section VI among the five training trials with 79 = 0.05. In
the figure, the four spectra represent the PA input, physically
measured PA output, predicted PA output, and error between
the measured and predicted outputs, respectively, where the
NMSE reached -41.25 dB. In summary, the NMSE values for
inputs with higher signal levels tended to be lower, resulting in
a higher modeling accuracy. In practical service operations, the
signal level rises as the number of multiplexed signal channels
increases. Consequently, the results of this experiment hold
significant relevance in scenarios involving high-level signal
inputs.

IV. CONCLISIONS

In this study, we examined NN-based PA modeling, partic-
ularly LSTM-based modeling, using a relatively small training
dataset of about 4,000 samples. Simulation results demon-
strated that incorporating residual learning and parallel LSTM
structures significantly reduced the NMSE. Additionally, incor-
porating both the signal amplitude and smoothed amplitude as
supplementary inputs, alongside the original input signal to the
modeled PA, can also improve the performance. By changing
the value of the initial learning rate for model learning, we

PA input

40 PA output
O || Predicted PA output
— Prediction error
% 20
2
L 0
D01 e T
-60 -40 -20 0 20 40 60
Frequency [MHz]
Fig. 7. Example of spectral prediction error (section VI with ng = 0.05).

found that a higher initial learning rate improved the modeling
accuracy for inputs with high-level signal amplitudes, whereas
a lower initial learning rate rather improved the modeling
accuracy for inputs with low-level signal amplitudes.
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