Journal of Integrated Circuits and Systems, vol. 16, n. 1, 2021

1

Behavioral Modeling of a Multimode Power Amplifier Using
Perceptrons with AM-AM and AM-PM Complex-Valued Activation
Function
Luiza Beana C. Freire1, Luis Schuartz1, Edson L. Santos1, Bernardo Leite1, André A. Mariano1,
João S. Dias1 and Eduardo G. de Lima1
1

Electrical Engineering Department of the Federal University of Paraná, Curitiba, Brazil.
e-mail: luiza.chipans@gmail.com

Abstract—Three-layer perceptron (TLP) is one of the
approaches to the behavioral modeling of radio frequency (RF)
power amplifiers (PAs) for wireless communication systems. A
low-pass equivalent PA behavioral modeling should be able to
represent the amplitude modulation to amplitude modulation
(AM-AM) and amplitude modulation to phase modulation
(AM-PM) characteristic curves, besides generating only useful
contributions. This work shows that adapting a complex-valued
activation function to encompass the strict characteristics from
the AM-AM and AM-PM curves at the same time fulfilling the
bandpass constraint gives better results in terms of network
complexity and accuracy. Besides that, a novel TLP-based
model for a multimode PA is proposed. This type of PA has
characteristics that add difficulty to its inverse modeling. A
modification in the ascendant method is also proposed for
application with TLP-based PA models. This method simplifies
the models in terms of operations needed for implementation.
In a scenario of same number of network parameters, a
significant reduction in modeling error is achieved when a
complex-valued TLP that accounts for both AM-AM and AMPM is used instead of a complex-valued TLP that accounts only
for AM-AM. Such reduction is quantified by up to 5.73 dB
(-35.53 dB to -41.26 dB) improvements in normalized mean
square error (NMSE) metric. Moreover, when applying the
ascendant method a 67% reduction in active parameters is
achieved (36 to 12 active parameters), deteriorating the NMSE
by less than 0.5 dB.
Index Terms—multimode power amplifier; AM-AM and
AM-PM; digital baseband pre-distortion; radio frequency;
three-layer perceptron.

I. INTRODUCTION
Digital baseband pre-distortion (DPD) is currently a
linearization strategy widely used for radio frequency (RF)
power amplifiers (PAs). The DPD system is designed at
baseband level to profit from the benefits of digital signal
processing, especially the reduced cost and the capability to
generate arbitrary nonlinear mappings with high accuracy
[1]. The design of a DPD system requires an accurate and
low-complexity nonlinear model for the RF PA [2-4]. The
choice of the PA behavioral model is a crucial step in the
design of a DPD system. Two classes of dynamic nonlinear
models are commonly used: Volterra series and artificial
neural networks (ANNs) [5].
In bandpass systems, only contributions at the
fundamental zone (in the vicinity of the carrier frequency)
can be applied or measured [6]. RF PAs are a special class of
bandpass systems. Their behavior can only be modeled by
low-pass equivalent terms that comply with some
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constraints.
This work is an extension of the work published in [7]. In
[7] complex-valued three-layer perceptron (TLP)-based RF
PA behavioral models are analyzed. The models analyzed
were reported in [8], [9] and [10]. They differ because of
their complex-valued activation functions. It is shown that
less computational complexity in terms of network
parameters is presented by the model of [10] in which the
real-valued polar angle component passes unchanged
through the activation function, in comparison to the models
of [8] and [9] that insert it in the sigmoid activation function.
This occurs because the complex-valued activation functions
used in [8] and [9] generate some useless contributions for
the behavioral modeling of RF PAs, whereas the complexvalued activation function used in [10] produces only useful
contributions for the behavioral modeling of RF PAs.
Avoiding the generation of contributions physically related
to harmonic zones can substantially reduce the number of
network parameters [11]. Besides, compensating distortions
that should not exist is not only a waste of resources but also
a source for additional unwanted distortions.
In the activation function reported in [10] only the realvalued amplitude component of the input signal is subject to
the nonlinear sigmoid operator and therefore it considers
only the amplitude modulation to amplitude modulation
(AM-AM) PA behavior. This work proposes a new
activation function that takes into account both AM-AM and
amplitude modulation to phase modulation (AM-PM) PA
behaviors. To our best knowledge, it is the ﬁrst report that
utilizes a complex activation function well fitted to PA
behavioral modeling.
Another contribution of this work is to extend the use of
neural networks to deal with multimode PAs. In these PAs
there are different gain modes, and the choice on which mode
the PA should operate depends on the input power level,
aiming the highest efficiency. The new activation function
approach will be validated using this PA.
Since DPD units need inverse models with the least
possible complexity to ensure low energy consumption, the
ascendant method for neural networks will be suggested and
validated. This method was proposed for models based on
memory polynomials and focused on selecting the most
relevant parameters to be kept active, reducing the number
of operations required in the model [12].
A behavioral modeling simulation is made for the
multimode PA described in Sec. II to compare two different
models. These two models use a proposed TLP topology
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Fig.1 (a) Circuit topology of the PA (bias circuitry is omitted) and (b) chip micrograph of the PA.

designed for the multimode PA and differ on their activation
function. One activation function is the proposed one and the
other is the one which best performed in [7]. This work is
organized as follows: Sec. II details the multimode PA used
in this work. Then, the various aspects of the proposed
complex TLP-based model for multimode PA is presented in
Sec. III. Section IV presents the result analysis from the TLPbased models for multimode PA, besides on the analysis of
the proposed ascendant method for simplification of the
TLP-based behavioral model. Conclusions are summarized
in Sec. V.
II. MULTIMODE PA UNDER TEST
The PA is the most critical active component at the
transmitter, which consumes a large amount of power in
order to support linear transmissions [13]. PAs are typically
designed to achieve high performance in the worst operation
scenario, i.e., to operate more efficiently at their highest
output power. However, high performance is not always
required, so that PAs are often over-specified and,
consequently, end up consuming more power than necessary.
In the case of power-constrained systems, multimode
operation may be of particular interest, as it reduces the
power consumption. In this paper, we consider a multimode
PA proposed in [14]. The PA was designed in
Globalfoundries 130 nm CMOS technology to operate in
different power gain modes, targeting the 2.4 GHz band.
Fig. 1 depicts the designed chip microphotograph and circuit
topology, which consists of a reconfigurable power gain
stage and a fixed output power stage. The supply voltage is
VDD = 1.8 V, whereas that biasing voltages are generated

on chip (omitted in Fig. 1). In addition, all impedance
matching networks were included on-chip for a low-cost
solution. In the gain stage, three parallel cascode cells are
adopted for gain control, which can be digitally controlled in
six steps through the combination of 3-bits (EN1, EN2 and
EN3). In this case, each amplifier cell is enabled with VDD
and disabled with GND. Moreover, a stacked topology was
adopted at the output power stage to provide sufficiently high
transmission power.
Measurements of the PA were carried out using on-wafer
probing at room temperature. Table I summarizes the
measurement results for each operating mode of the
proposed PA. An Agilent E83612 vector network analyzer
was used to measure the small-signal gain, in which ranges
from 22.4 dB in mode 1 to 31 dB in mode 6, so that the power
consumption varies from 171 mW (low-gain) to 196.2 mW
(high-gain). Notice that when an amplifier cell is enabled,
the effective width of the transistors increases, and thus the
power gain and the power consumption increase as well.
Therefore, when high gain is not required, an amplifier cell
can be disabled to save power. The measured large-signal
power results were obtained using a Rohde & Schwarz
SMF100A signal generator, a Keysight E441B power meter
and a Keysight 8485A power sensor. Due to fixed output
power stage, the 1 dB output compression point (OCP1dB)
is similar for all operating modes. Furthermore, due to high
peak-to-average power ratio (PAPR), the PA operates most

Table I. Performance results of the PA for each operating mode at
2.4 GHz.
Mode EN1 EN2 EN3
1
2
3
4
5
6

GND
GND
VDD
VDD
VDD
VDD

VDD
VDD
GND
GND
VDD
VDD

GND
VDD
GND
VDD
GND
VDD

Effective
PDC
Width ( m) (mW)
80
171.0
40+80=120 176.4
160
180.0
160+40=200 187.2
160+80=240 190.8
160+80+40=280 196.2

OCP1dB
(dBm)
13.3
13.5
13.8
13.7
13.7
13.7

Gain PAEMAX
(dB) (%)
22.4 17.9
25.6 18.4
27.0 18.6
28.8 18.9
29.8 19.0
31.0 19.0

Fig.2 Measured PAE vs. output power.
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Fig.3 Simulated inverse and direct multimode PA transfer functions.

of the time at power back-off. However, this linear region
limits the average output power and, therefore, degrades the
efficiency for typical PAs. Another important aspect of the
designed multimode PA is to achieve efficiency
enhancement at power back-off operation, as illustrated in
Fig. 2. From the figure, we can see that in high performance
(mode 6), the efficiency decreases as the output power is
backed-off. Nevertheless, the PA can switch to mode 1 (lowgain) to improve the efficiency. On the other hand, the PA
operating at high power levels, which is more efficient, also
has a nonlinear behavior. Therefore, DPD techniques can be
used for linearity improvement.
The direct nonlinear PA behavior is mainly described
using the output power versus input power curve or AM-AM
characteristic and the output minus input phase versus input
power curve or AM-PM characteristic. One attribute of the
AM-AM curve is its compression characteristic, that
describes the change in output power relative to change in
input power around the saturation point [15]. An ideal PA
should not have interaction between its phase response and
power level of the input signal. The AM-PM conversion
measures the amount of undesired phase deviation that is
caused by amplitude variations of the system.
The simulated AM-AM and AM-PM direct and inverse
characteristics of the multimode PA under test are presented
in Fig. 3. The PA commutates in real-time among three
distinct modes. Each mode actuates in a specific input
amplitude interval. The three amplitude intervals have
approximately the same length. Although the diverse types
of PAs show resemblance characteristics, they are not equal
from one another. Examples of other characteristic curves
are in [16] and [17]. In this work it will be shown that a TLP
that best fits the PA modeling problem is less complex than
a generic one.
III. TLP-BASED MODEL FOR MULTIMODE PA
The diagram of the TLP architecture used in this work is
shown in Fig. 4. Being the number of inputs and the total
number of neurons, the
inputs pass through a linear
combination with the , weights, where r = 1, 2, ..., R and

Fig.4 TLP diagram.

e = 1, 2, ..., . Then the result is subject to the activation
function. After that, the signal is multiplied by the output
weights ℎ , generating the outputs. For PA modeling, the
input bias,
, and output bias,
, are not used and
considered equal to zero.
Low-pass equivalent behavioral models deal with
complex-valued signals. In this scenario, the TLP
architecture can be exploited based on two different
strategies. In one case, namely real-valued TLPs, the
network inputs, outputs, weights and biases are restricted to
be real-valued numbers [6],[18],[19]. Therefore, in realvalued TLPs, the complex-valued signals must be converted
into real-valued signals. Alternatively, a complex-valued
TLP, having complex-valued inputs, outputs, activation
functions, weights and biases, can be used instead [8]-[10].
A complex-valued TLP is going to be used in this work.
This section is going to detail the complex-valued TLP
model for multimode PA utilized in this work. First, the
influences of the PA signal nature on complex activation
functions are discussed. For that a comparative analysis of
previously reported complex-valued activation functions is
made in Subsection III.A. In Subsection III.B a novel
complex-valued activation function that is in resonance with
the multimode PA requirements is presented. Subsection
III.C discusses how to model a multimode PA based
on TLPs. Subsection III.D addresses the simplification of
TLP networks by systematic neglect of some parameters
based on the ascendant method.
A. Previous complex-valued activation function for
TLP-based models.
Different complex-valued TLP-based models are
obtained by changing the nonlinear operator that implements
the activation function in the hidden layer, Low-pass
equivalent models can generate contributions that are not
useful for estimating RF PA measurements. Odd-parity with
respect to the PA input signal is a necessary but not a
sufficient condition for a low-pass equivalent PA model to
generate useful contributions. The TLP input biases have
constant values that are added to linear combinations of input
envelopes. They can easily generate even-order
contributions. The generation of even-order contributions
can also be attributed to the TLP output bias. Consequently,
the odd-parity constraint is satisfied only if all the TLP input
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and output biases are null. Therefore, in this work, all the
input and output biases of complex-valued TLP-based
models are assumed equal to zero.
Keeping the polar angle component multiplied by one is
a necessary and sufficient condition for low-pass equivalent
RF PA models to generate only useful contributions. Linear
operators always preserve the number one that multiplies the
polar angle component. They are unable to generate energy
at frequencies not stimulated by the generators. Only
nonlinear operators can change the number one that
multiplies the polar angle component. In complex-valued
TLP-based models, just the activation functions F in the
hidden layer perform nonlinear operations.
The complex-valued activation functions reported in [8],
[9] and [10] are now carefully analyzed. The objective is to
investigate if they generate contributions that are not useful
for low-pass equivalent RF PA behavioral modeling.
The complex-valued baseband envelope signal related to
the PA input is ( ) = e , where
and
designate
the amplitude and polar angle components of (n),
respectively. Then, the input signal of , ( ), in function
of the PA input is defined as:
,

x 3 (n  m)
imaginary parts, then:
example, if

x 3 (n  m)  an3 m [cos(3 n  m )  j sin(3 n  m )].

)

,

.

(1)

(5)

In (5), the polar angle component is multiplied by three.
In RF PAs, n  m is always related to C by

[C (n  m)  n m ] . Because 3n  m is related to C by
3[C (n  m)  nm ] , (5) does not produce any contributions
at the fundamental zone.
In the second approach, introduced in [9], the real-valued
function of (2) is applied once to the in-band
component, ( ), and once to the quadrature component,
( ), of a complex-valued number ( ). In this way, the
first four terms of the Taylor series expansion of the
complex-valued activation function are:
= tansig[
=
+

( −

(n) =

is decomposed into real and

( )] + tansig[ ( )]
1
2
17
( ) − [ ( )] +
[ ( )] −
[ ( )]
3
15
315
1
2
17
( ) − [ ( )] + [ ( )] −
[ ( )] .
3
15
315
(6)

,

In real-valued TLPs, a common choice for F is the oddparity real-valued sigmoid function:
= tansig(

)=

2
1 + exp( − 2

)

− 1,

(2)

Only a subset of the nonlinear contributions of (6) is
useful for estimating RF PA measurements. For each
nonlinear order ( 3rd , 5th , 7th ), (6) generates useful as well as
useless contributions. As an example, if [ x I (n  m)]3 is
decomposed in amplitude and polar angle components, then:

where
is a real-valued signal. If (2) is expanded into a
Taylor series around
= 0, then:


tansig(ur )  

(1)

p 1

2p

2p

2 (2  1) Bp
(2 p)!

p 1

ur2 p 1 ,

(3)

where B p is the pth Bernoulli number [20]. Complexvalued TLPs require activation functions capable of handling
complex-valued numbers. Three distinct modifications in (2)
are reported in the literature. In the first approach, introduced
in [8], the exponential operator of (2) can handle complexvalued signals. In this case, the first four terms of the Taylor
series expansion of the complex-valued activation function
are:
= tansig[
+

2
[
15

( )] =

( )] −

1
( )− [
3

17
[
315

( )]
(4)

( )] .

All the nonlinear contributions of (4) are useless for
estimating RF PA measurements. Any nonlinear
rd
th
th
contribution of (4) — for any nonlinear order ( 3 , 5 , 7 )
and for any time sample ( n , n  1,  , n  M ) — does not
retain one multiplying the polar angle component. For

1
3

[ x I (n  m)]3  an3 m  cos( n  m )  cos(3 n  m )  .
4
4



(7)

Two contributions are reported in (7). In the contribution
having the coefficient 3 / 4 , the polar angle component is
multiplied by one. In the contribution having the coefficient
1 / 4 , the polar angle component is multiplied by three. In
order to generate a useful contribution having the coefficient
3 / 4 , the useless contribution having the coefficient 1 / 4 is
also generated.
A nonlinear activation function that only generates useful
contributions must keep one multiplying the polar angle
component. Such requirement is fulfilled by activation
functions that are unable to modify the polar angle
component. The activation function from [10] processes a
complex-valued number without performing any change in
the polar angle component. Operators that are unable to
change the polar angle component can only modify the
amplitude component. The activation function of [10] is
described by:
F  tansig[| ur ( n) |] exp[ j ur ( n)].

(8)
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In (8), only the real-valued amplitude component | ( )|
is subject to the nonlinear sigmoid operator. The real-valued
polar angle component ∠ ( ) passes unchanged through
the activation function given by (8).
The properties of the nonlinear activation function of [10]
are now further investigated. The Taylor series expansion of
the sigmoid function, reported in (3), can be substituted into
(8) in order to get:

=

=
=

(−1) 2

(

(−1) 2

(

)
[2 ( ) − 1]
[2( + 1)]!

2 ( )−1
[2( + 1)]!

|

( )|

(

)

exp[ ∠ ( )]

)

| ( )|

( )

(9)

[| ( )| ] ( ).

To simplify the notation, in (9) a novel nonlinear operator

Greal is defined, taking as argument | ( )| . Greal performs
a nonlinear mapping between real-valued numbers. Equation
(9) provides another interpretation of (8). This activation
function can be seen as the product of a complex-valued
signal
( ) and an even function of its amplitude
component | ( )|. If only the contributions for p  0 ,

p  1 , p  2 and p  3 are retained, (9) is reduced to:
1
F | ur ( n) | exp[ jur (n)]  | ur (n) |3 exp[ jur (n)]
3
2
5
 | ur (n) | exp[ jur (n)]
15
17

| ur ( n) |7 exp[ j ur (n)]
(10)
315
1
 ur (n)  | ur (n) |2 ur (n)
3
2
17
 | ur (n) |4 ur (n) 
| ur (n) |6 ur (n).
15
315

At this moment, attention is given to the bandpass system
whose contributions at C are exactly described by (8). If
( ) = | ( )|cos [
+ ∠ ( )],
such
bandpass
system can be represented by a power series:


zr (n)   c2 p 1ur2 p 1 (n),

(11)

p 0

in which the coefficients c2 p 1 are equal to:
p 2( p 1)
[22( p 1)  1]Bp 1 
 (1) 2


[2( p  1)]!

 ,
c2 p 1  
(12)
 1  2 p  1 
 p

 4  p 
for = 0,1,2, ⋯ , ∞.
The bandpass system of (11) has the following
contributions at C :

5

  (1) p 22( p 1) [22( p 1)  1]B p 1

z r ( n)   
| ur (n) |2( p 1) 1 
[2( p  1)]!
 p  0

.cos[C n  ur (n)].
(13)
The low-pass equivalent description of (13) is identical to
the activation function of (8). Another interpretation of the
activation function of (8) is possible. Equation (8) is the lowpass equivalent description that retains just the contributions
at C of the bandpass system given by (11). A case study
from [7] showed that the complex-valued TLP of [10]
presented superior performance when compared with the
complex-valued TLPs of [8] and [9].
The limited applicability in low-pass equivalent RF PA
behavioral modeling of (4) is due to the fact that it is unable
to estimate nonlinearities measured at the RF PA output.
Moreover, an increase in modeling accuracy, accompanied
by a reduction in the number of network parameters, is
expected by using (8) instead of (6), because for each useful
nonlinear contribution produced by (6), a useless nonlinear
contribution is also generated. For sure, useless contributions
will not increase the modeling accuracy. Nevertheless,
useless contributions can deteriorate the accuracy of the
estimations.
B. New complex-valued activation function for TLPbased PA modeling
A TLP is said real-valued when its weights and activation
functions are real-valued, and it processes only real-valued
signals. Complex-valued TLPs are capable of processing
complex-valued signals and have complex weights and
activation functions.
Most models proposed in literature are real-valued and are
focused on changing the inputs and outputs presented to the
neural networks, as well as their architectures [21]. In recent
time, due the trend of deep learning [22], some works utilize
new activation functions that emerged [23-26]. Nevertheless,
these new activation functions were molded to pattern
recognition, natural language processing, recommendation
systems, speech recognition, and computer vision
applications.
When it comes to complex neural networks there are
fewer works, and none focuses on activation functions
dedicated to PA modeling [27-28]. Besides that, as sigmoid
functions saturate, their use is not indicated with gradient
based learning networks [29].
The TLPs, both real and complex-valued, that have an
activation function that changes the frequency information
of the signal been processed by the network, generate out of
band contributions. Then, to ensure that this does not occur,
or the inputs must be changed in a way to not present the
signal frequency information or the activation function must
be adequate to not change it.
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Fig.6 Diagram of the proposed TLP-based inverse model for the multimode
PA with three modes.

Fig.5 AM-AM and AM-PM characteristics of the proposed activation
function of (15). α is the argument of the activation function given by the
amplitude of the complex-valued signal applied to the neuron input. and
are the proposed functions.

When the network inputs are adjusted to meet the
requirements mentioned before, it ends up increasing a lot
the number of network inputs. So, the benefit of changing the
activation function is to diminish the complexity of the
network in terms of number of parameters, since it depends
on the number of the network inputs. The complexity of the
model influences the energy expenditure of the hardware
where the DPD unit will be implemented.
Activation functions are mathematical equations that
determine the output of a neural network. Besides that, they
can insert nonlinear behavior to the network and therefore
the capability to model nonlinear systems [18].
In order to best fit the PA behavior and, consequently,
diminish the network effort to accurately model it, an
activation function should have the capability to encompass
all the PA characteristic curves, more specifically the AMAM and AM-PM behaviors. Also, the activation function
should not deform the phase information to not generate out
of band contributions. This way the activation function
proposed is:

Inspired on Saleh model [30], the use of rational equations
is proposed in here to form the
and
functions. They
easily allow to shavpe the curve to present the compressive
and expansive behaviors for higher amplitude values,
besides the linear lines with zero or positive slopes for lower
amplitude values.
One possibility for PA inverse modeling that is proposed
in this work is:
=

0.5| |
1 − 0.5| |

.
. | |

∠

.

(15)

The proposed activation function of (15) encompasses all
the necessary characteristics to properly map the PA inverse
transfer function. Fig. 5 shows the shape of the proposed
functions and . The function initiates at zero, is a line
with positive slope for lower input values and has an
expansive behavior for larger input values. The function
initiates with a constant value that remains unchanged for
lower amplitudes and presents a compressive behavior for
larger values. The compresive and expansive behaviors of
and are dictated by the operator in the denominator. When
the compressive behavior is desired the denominator is
1 + 0.5| | , otherwise, 1 − 0.5| | is used for the expansive
behavior.
C. TLP-based model for multimode PAs

= ( (| |)

(| |)

)

∠

,

(14)

where is the complex-valued input signal of the activation
function , | | is its amplitude and ∠ is its phase.
Equation (14) is compound of the function that represents
the AM-AM characteristic and of the function
that
represents the AM-PM characteristic. Observe that the input
angle information is set apart from the nonlinear functions.
About the nature of and they can take many forms, as
long as they are able to represent the PA characteristic
curves.
Looking at the inverse AM-AM curve in Fig. 3, certain
characteristics can be isolated: the linear behavior with
positive slope for lower amplitude values and expansive
behavior for greater amplitude values, and its origin in zero.
Analyzing the inverse AM-PM curve in same manner, a
constant behavior with zero slope for lower amplitudes and
a compressive behavior for greater amplitudes can be
observed. The activation function does not account for
memory effects, instead, past samples of the input signal are
inserted in the network to represent this phenomenon.

In what concerns the multimode real-time operation,
besides of previously presented characteristics, its AM-AM
and AM-PM discontinuous curves are a challenge. Modeling
the contribution of each mode in a specific TLP is a possible
solution [12]. Thus, the block diagram of the TLP-based
model for the multimode PA is shown in Fig. 6.
Since the multimode PA presents operational modes the
TLP model presents networks and input sets, one for
each operational mode. In the end the total signal is
recovered by summing the outputs of all TLP networks.
If it comes to direct modeling, then the network inputs are
the PA input signals. The input sets of complex signals are
contained within the interval
<| |≤
, where
and
are the inferior and superior PA input amplitude
limits for each mode, respectively. The amplitude interval
values are defined dividing the PA input amplitude range
according to its three chosen operational modes, i.e.,
= 1, 2, … , . Therefore,
= 0 and
= +∞ . For
this study, since the PA under test is utilized with three
modes, is set equal to 4 and only and limits must be
determined.
For inverse modeling the network inputs are the PA
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Fig.7 Overlaping of amplitude samples on multimode PA AM-AM inverse
behavior.

output signals and some amplitude samples overlap, as
shown by the red circles in Fig. 7. That is, for the same output
amplitude value there are samples in two modes at the same
time, which compromises the 1 to 1 model mapping. So, it is
necessary to modify the signal from each mode to exclude
these overlapping samples and allow a better delimitation for
the transition modes. Considering this issue, a method to
define new input intervals for multimode PA inverse
modeling that excludes overlapping samples is proposed. In
Fig. 8, samples in the first and fourth quadrants overlap. The
same thing happens for the second and third quadrants. The
samples to be withdrawn are the samples in the even
quadrants. The horizontal line is a support to define the
inverse limits.
The excluded samples,
, are calculated as:
=

where

−

,

(16)

is the total number of samples and

is the number

0.034

Fig.9 Variation of
in relation to excluded samples with
fixed.
Variation of
in relation to excluded samples with
fixed. The valleys
indicate the minimum amounts of excluded samples to the respective chosen
limits.

of samples from the modified signal.
Those L limits are represented by the vertical lines. The
values for the horizontal lines are the
and
limits from
the direct modeling (0.015 V and 0.03 V, respectively).
To calculate the new limits for the inverse modeling first
is fixed in a value that includes all samples. So
is set
as the maximum amplitude value of the PA output signal.
For this PA such value is 2.26 V. Then a sweep is made from
0 to 2.26 V, with 0.01 V intervals, to choose the lower limit
that minimizes
.
The same process is made for the upper limit, . First
is fixed in the previous found value. Then a sweep is made
from 0 to 2.26 V, with 0.01 V intervals, to choose the upper
limit that minimizes
.
Fig. 9 shows the graphs of excluded samples by the swept
values. The value chosen for the limit is in the curve valley
and indicates the minimum number of excluded samples.
After calculating the limits from the modes for the inverse
modeling, actual and past samples are applied to the network
inputs accordingly as in Fig. 6.
D.

0.033
0.032
0.031

2

1

3

4

0.03
0.029
0.028
0.027
0.026
1.7

1.8

1.9

2

2.1

Output Amplitude (V)
Fig.8 Detailed overlaping samples for the transition between the two modes
with higher amplitudes. The vertical line sweeps the values until the that
minimizes the excluded samples is found. The samples to be excluded are
in the even quadrants.

Ascendant method

The ascendant method was proposed to memory
polynomials models to reduce their amount of parameters
[12]. In this work, the ascendant method is employed to
simplify the TLP implementation.
Model simplification is realized in the training process.
The simplified model keeps the most relevant parameters
and cancels the other parameters. Canceling (removing) a
parameter in the neural network is the same as forcing it to
be equal to zero if it is an input weight ( , ), or to be equal
to one if it is an output weight (ℎ ).
The training process occurs in
steps, where
is the
desired number of active parameters. In each step,
parameters, with = 1,2, … , , are activated, and the
model performance is assessed each time. The current step
utilizes the parameter that gave the model the best
performance in the previous step and sets as initial estimative
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Fig.10 Setup for the PA model extraction (red dashed rectangle) and its use
in a DPD unit.

its value from the previous step. At each step a new
parameter is elected as the most relevant one, meaning that
it is the one that most minimizes the modeling error in that
step.
For example, to simplify a model from 10 to 3 active
parameters,
= 3. There will be 3 steps. In the first step all
input weights are set to zero and all output weights are set to
one. Then one first random parameter is chosen to be
activated, the network is trained, and the model performance
is assessed. This goes on successively until all parameters are
tested one by one. The parameter which best performs will
be chosen to go on for the next step. Let us call it
. In the
second step the network is trained with two parameters.
Now, all parameters are canceled beside
, and another
random parameter is chosen to be activated.
starts with
its values from the previous step. All the parameters, besides
, are tested to choose which would become the relevant
parameter from the second step,
. For the last step,
and
are set active, and the last relevant parameter would
be chosen as in the previous steps. The initial values for the
parameters being tested vary accordingly with the data sets
and the method utilized to train the network. In here the value
of 1x10 was used to initiate all parameters that have not
been selected in previous steps.
This simplification ends up diminishing the number of
operations on complex numbers. When an input weight is set
to zero it diminishes one complex multiplication and one
complex sum for each input plus one complex sum for each

Parameter extraction
′( )

( )

TLP
Model
,

+

( )
∑
−

( )

Nonlinear
Optimization
,

Fig.11 A detailed description of the parameter extraction block defined in
Fig. 10.

Fig.12 NMSE in function of number of complex-valued parameters for the
literature and proposed models with ascendant method. The maximum
number of parameters is set to 12.

parameter. When an output weight is set to one it diminishes
one complex multiplication. It is important to point out that
the number of operations depends on the number of inputs as
well as on the quantity of input and output weights that are
kept after the simplification.
IV. SIMULATION RESULTS
In [7] it is shown that the activation function in [10]
presents better results if compared with the activation
functions from [8] and [9], meaning that it is the best
activation function in literature for TLP-based PA modeling.
But the activation function in [10] even without deforming
the input angle information incorporates only the AM-AM
PA behavior and falls short in expectation. In this section,
the modeling accuracies of two TLP-based multimode PA
modeling approaches are now evaluated to validate the
mathematical theory presented in Sec. III. One model uses
the sigmoid function as in (8). The other model is the
proposed complex-valued TLP, using the activation function
of (15).
The setup for obtaining the results is now addressed.
Matlab software is used for data processing (modulation,
demodulation,
parameter
extraction
and
DPD
implementation). Transient simulations are done in Cadence
Virtuoso software for PA evaluation. Fig. 10 shows the data
collection diagram and the PA linearization. The red dashed
rectangle indicates the input-output data collection process
for later use in the parameter extraction. Yellow blocks are
processes made in Matlab and the green blocks represent the
PA evaluation in Cadence Virtuoso. The information
exchange between software is carried out through text files.
Those extracted parameters are used in DPD block.
Table II. NMSE values for proposed and literature models for the
corresponding number of complex parameters and without ascendant
method.
Number of
neurons ( )

Number of complex
parameters

NMSE (dB)
Proposed

Literature

1

12

-39.29

-35.54

2

24

-41.15

-35.53

3

36

-41.26

-35.53
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Fig.13 Power spectral densities (PSDs) of the measured output and of the
error signals in function of frequency for the TLP-based models been
analyzed. The w/o ascendant indicates without ascendant. All models
present 36 complex-valued network parameters.

The signal to be amplified ( ( )) is complex-valued and
has bandwidth and sampling frequency on the order of MHz.
This signal is submitted to the up converter block where the
resampling and displacement to the carrier occur. The
obtained signal ( ( )) is real-valued and sampled with
a frequency on the order of GHz . This signal is transferred
to Cadence Virtuoso through a text file. On Cadence
Virtuoso a file in text format with the information to
control the switching among the PA modes according to the
envelope amplitude is also needed. The Cadence Virtuoso
applies a transient simulation with a sampling rate on the
order of hundreds of GHz, stimulating and configuring the
PA with the data obtained from the text files. The desired
signal obtained from the simulation, the PA output voltage
for a load of 50 ohms ( ( )), is saved in a text file by the
Cadence Virtuoso and imported by Matlab. In Matlab, the
information passes through the down converter, where the
shifting to the baseband, filtering and resampling to MHz
occur. Knowing the PA input and output complex envelopes,
( ) and ( ), respectively, the extraction of the model
parameters is performed by the parameter extraction block.
The parameter extraction is treated in greater detail in
Fig. 11. The TLP model block represents the model
described in Fig. 4. For the TLP to mimic the PA inverse
behavior, its weights must be adjusted.
are
, and
vectors that contain all the input and output weights,
respectively, to be adjusted.
The information obtained from the PA output is applied
as input to the model. The model output information,
indicated in Fig. 11 by ′( ), is compared to the PA input
signal ( ). A nonlinear optimization algorithm is used to
adjust the modeling weights. The objective function used in
this algorithm is the mean square error.
The TLP-based approaches are applied to the inverse
behavioral modeling of the multimode PA described in
Sec. II. The RF PA is stimulated by a carrier frequency of
2.4 GHz modulated by an LTE QPSK complex-valued
envelope signal having a bandwidth of 10 MHz. The
sampling frequency is set to 122.88 MHz. The measured
data is divided into two subsets: one for the network training
and one for the network validation. Only validation results
are reported in the following figures.
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The network parameters are identified, in Matlab
software, using the Broyden-Fletcher-Goldfarb-Shanno
(BFGS) quasi-Newton method [31-33]. The memory length
is truncated to = 2. The number of neurons in the hidden
layer is varied from 1 to 3.
The difference between estimated and measured PA
output signals are treated as error signals. The modeling
accuracy is analyzed using the normalized mean square error
(NMSE) metric, as defined in [34]. For better visualization
and understanding of the signals the power spectral densities
(PSDs) are also presented [35].
First, the complex-valued TLP-based models without
ascendant method are analyzed. Table II shows the NMSE
results as well as their corresponding number of network
parameters for the different TLP-based PA models. The
proposed models, with same number of network parameters,
showed substantial reduction in modeling error, quantified
by improvements in NMSE metrics up to 5.73 dB.
To exemplify, a NMSE of -41.26 dB is obtained by the
TLP-based model using (15) having 36 complex-valued
coefficients, whereas the complex-valued TLP model using
(8) having the same number of complex-valued coefficients
achieved a NMSE of -35.53 dB. Those results confirm the
assumptions that it is easier to map the PA behavior when
the TLP activation function presents the expansive gain and
compressive phase behaviors as depicted in Subsection III.B.
Second, the ascendant method was applied to both models,
with = 3 (36 total parameters). The maximum number of
active parameters, , was chosen equal to 12. Fig. 12 shows
the NMSE results for the various steps of the ascendant
method with crescent parameters. The simplified proposed
model performed better in terms of NMSE than the
simplified literature model. For instance, with 12 active
parameters the proposed model achieved a NMSE of
-40.80 dB, whereas the literature model obtained a NMSE of
-35.53 dB. It should be noticed that the NMSE curve from
the literature model stabilized with 5 active parameters,
while the proposed model curve kept improving until 12
active parameters. This demonstrates how difficult it was for
the literature model to map the PA behavior.
Fig. 13 shows PSDs of the error signals for different TLPbased models. The energy of the error signal is significantly
reduced at all frequencies for the proposed complex TLPbased model using (15). In addition, it can be said that the
ascendant method is effective, since the energy of the error
signals with ascendant method almost overlaps the one
without ascendant method, even with a significantly smaller
number of active parameters.
V. CONCLUSIONS
Two complex-valued TLP-based multimode PA
behavioral models were analyzed in this work. The models
were applied to the inverse behavioral modeling of a
multimode CMOS PA. It was proposed a model that has been
proven to generate only in-band contribution and beyond that
it uses an activation function that encompasses both AM-AM
and AM-PM multimode PA behavior. When compared with
another complex-valued TLP-based model which activation
function contains only the AM-AM behavior information, it
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achieves smaller modeling error for the same number of
complex parameters. The ascendant method for neural
network models was proposed as well. This method made
possible the reduction in 67% (36 to 12 parameters) of the
network parameter number maintaining a NMSE of -40.8 dB
and hence deteriorating the NMSE by less than 0.5 dB.
We believe this study will be of help to understand the
influences of the specific bandpass behavior of RF PAs on
TLP activation functions, since it presents a theoretical
analysis of several TLP activation functions stimulated by
RF PA signals and how to ascertain the generation of only
useful contributions. Those knowledges are crucial in the use
of TLPs for modeling PAs to guarantee low complexity and
high accuracy. Besides that, the ascendant method suggested
to simplify the model is one attempt to make it a viable
choice in terms of implementation.
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