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Abstract—In this work we demonstrate a feed-forward Artificial
Neural Network (ANN) model for microwave active devices, here
an FET, where the input and outputs are the device harmonic
port waves. The ANN has been trained through an in-house
tool implementing back-propagation and gradient descent, with
load-pull data sweeping the available input power from back-off
to harsh compression. The ANN model can be seamlessly used
as a replacement of any active device model in microwave CAD
tools implementing the Harmonic Balance (HB) algorithm. As a
demonstrator, we developed in MATLAB an HB circuit solver
implementing the ANN device model within an external circuit
simulating the device with different loading conditions. The ANN
modeling approach been successfully applied both in class A and
a class B bias.

Index Terms—artificial neural networks, harmonic balance,
microwave CAD, non-linear device modeling

I. INTRODUCTION

Accurate large-signal modeling of microwave transistors is
fundamental to achieve high reliability in the design of power
amplifiers and other non-linear microwave circuits. On the
other hand, device models should be also computationally
efficient to allow for agile design optimization, hence the
widespread use of equivalent circuit (compact) models [1],
[2]. Recently, behavioral models have gained interest as an
effective way to accurately model non-linear devices, starting
from measurements [3] or physical simulations [4]. In this
scenario, artificial neural networks (ANNs) are promising
candidates [5]-[7] as they are capable to fit complicated non-
linear power and/or bias dependence with smooth functions:
an important feature for the Harmonic Balance (HB) based
non-linear simulations, typical of microwave non-linear design.

In the literature, ANNs are often exploited to model DC
and AC parameters as a function of bias, temperature or
other auxiliary variables [8], [9] or to mimic compact model
parameters, e.g. in the ADS DynaFET model [10], also
incorporating memory, trap or temperature effects [11]-[13].
Despite the wide literature, few black-box behavioral device
models are present [14]-[16], based on port waves in frequency
domain. Most of these models focus on power amplification,
and assume a linearization around a Large Signal Operating
condition (LSOP), where the ANN input is the incident wave
amplitude at the fundamental frequency (akin to X-parameters
[17]) possibly complemented by the incident wave at the output
port (e.g. Cardiff model [18]). In this work, instead, the ANN
inputs are all the incident waves at all the harmonics [19], while

Fig. 1. Fundamental load pull (green dots) considering 10 magnitude
values, from 0.1 to 0.9 with 0.1 step, and 36 phase values, from 0°
to 350° with 10° step. Crosses are the test loads adopted in Sec IV:
(45 + 520) Q (red), (10 — 510) © (blue) and 2252 (black).

all the reflected waves are the ANN outputs. Such a model
can be seamlessly introduced in any EDA tool implementing
the Harmonic Balance (HB) algorithm.

In this preliminary work, we address the ANN model of a
MESFET device in GaAs technology, modeled in Keysight
ADS through a cubic Curtice model, limiting the training data
to load-pull at the fundamental frequency. To demonstrate the
capability of the ANN model to be used as a replacement of
other active device models in HB circuit solvers, avoiding the
complexity of its implementation into commercial CAD tools,
we have implemented a simple Harmonic Balance solver in
MATLAB. The aim is to show that the ANN model can be
used with unknown input and output waves, to be determined
within a circuit solver, rather that testing it only with surrogate
data. We show that HB MATLAB solutions show very good
agreement with ADS HB simulations.

The proposed model can be easily generalized to other
operating conditions by extending the ANN database for
training, e.g. including higher harmonic loads and/or increasing
the number of harmonics, harmonic stimuli and bias.

II. TRAINING DATA GENERATION

In this preliminary work, focused on the methodology, a
relatively simple active device has been considered, namely a
500-nm GaAs epitaxial MESFET of 1 mm gate periphery,
described though a cubic Curtice model fitting available
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Fig. 2. Example of port wave (b2) waveforms in compression obtained
with load-pull sweeps.
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Fig. 3. Structure of the implemented feed-forward network: 64
trainable neurons have been employed, for a total of 1233 parameters.

physical (TCAD) simulation data at 12 GHz [4].

The maximum drain current at 8 V drain supply, is around
355mA, giving an optimum class-A load resistance around
45 2, while an imaginary part in the 10-202 range gives the
best trade-off between maximum output power and efficiency
[20]. For this work we considered two cases: class A biasing
(177 mA quiescent current), and nearly class B biasing (14 mA
quiescent current, corresponding to less than 5% class-AB
bias point). For both biasing conditions, we considered a
fundamental load pull over the entire Smith Chart, as shown
in Fig. 1, while the higher output harmonics have been
terminated with a short circuit (tuned-load). In all cases, the
input source impedance was fixed at 202 at all harmonics:
a value deliberately different to the normalization impedance
(5092), to force non-zero waves. The input available power
was swept from -10dBm up to 30 dBm, ensuring sufficient
gain compression with all loads.

Adopting around 100 of points in the power sweep (non-
uniform but finer in compression) for each of the 360 loads
considered yields a total of ~ 36k points. For each point the
complex harmonic phasors of the port waves with a Ry = 50 €2
normalization resistance
Vnh + ROInh . Vnh - ROInh

2Ry 2VRo

are computed based on port voltages V5, and currents L,,;, and
are collected for the ANN training and testing. With H =5
harmonics and N = 2 ports (gate and drain), the overall dataset
includes 36000 x (2H + 1) x 2N real values. As an example
of the port wave data, Fig. 2 reports all the by waveforms at
25 dBm available input power, highlighting four of them to
demonstrate the variety of harmonic content that correspond
to different loading conditions.

anh = bnh = (1)

III. NEURAL NETWORK

Two identical feed-forward neural networks have been used
to independently model the reflected waves at the gate and
drain ports. By analyzing networks of different sizes and
complexity, the best performances have been obtained with a
fully connected network with the structure depicted in Fig. 3:

« an input layer of (2H + 1) X N = 22 neurons taking as
input the DC and the incident harmonic waves (a, real
and imaginary components) at both device ports;

o 3 hidden layers composed respectively by 14, 24 and 15
neurons with a sigmoid activation function and bias input;

« an output layer of 2H + 1 = 11 neurons, with a linear
activation function and bias input, whose outputs represent
the DC and the reflected harmonic waves (b, real and
imaginary components) at both device ports.

For the training of both the networks, the whole data set has
been randomly divided into a training set (80%) and a test set
(20%). No data has been reserved for the validation, since the
plan is to further evaluate the network performance through
the HB simulations, which intrinsically involves the generation
of new data. In order to improve the network capability of
managing harmonics of different amplitudes, all the real and
imaginary components of the network inputs and outputs have
been linearly pre-processed to span the range [—1, +1].

The network training has been performed by means of
an in-house tool written in C language that provides, with
respect to standard solutions, ad-hoc features for the network
configuration and training, such as the possibility to manually
trim each optimizer’s parameter during the training. The tool
implements the back-propagation with stochastic gradient
descent according to the Adam optimizer. However, in order
to speed-up the learning, mini-batches of variable size have
been employed, starting from almost an online learning with
only two elements up to ten thousand elements. The network
performance has been evaluated employing the mean square
error between the computed and the target reflected waves
(real and imaginary components) for each harmonic, along
with the maximum error for each harmonic, to highlight the
worst case bound. The complete training of the two ANNs
took about 2 hours on a 2.8 GHz 17 CPU for both the class-A
and class-B cases.

IV. HARMONIC BALANCE WITH ANN DEVICE MODEL

The simulation environment is described in Fig. 4. The
overall device ANN model, given by the combination of the two
extracted ANNs, was implemented in MATLAB. It represents
a nonlinear multi-port connected with an embedding network,
including the harmonic loads and the external sources.

According to the HB technique, the circuit solution is found
by imposing the wave continuity for each harmonic. Collecting
all the a and b waves in vectors, the HB system reads

bcxt = aNN (2)
Aext = bNN (3)
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Fig. 4. Harmonic Balance simulation environment implemented in
MATLAB: a(b),,, ... and a(b), ,  are the incident and reflected
waves at the n-th port and hA-th harmonic of the external and ANN
blocks, respectively.

Equations (2) and (3) must be solved for all ports and all
harmonics (here 5 + DC) along with the constitutive equations
of the two blocks.

The external network is linear and thus can be represented in
the frequency domain through its S-parameters plus impressed
waves bgext to account for independent sources [4]:

bext =S Aext + bOext (4)
while the ANN model is
bny = ANN(aNN) %)

The ANN model has been then expanded by adding auxiliary
equations for the output of each layer to keep the jacobian
implementation simple. The total number of equations is

L
AN x 2H+1)+ Y (6)
=1

where N is the number of ports, L the number of layers,
n; the number of neurons in each layer and H the number
of harmonics included in the simulation, corresponding to
(2H + 1) equations for each variable (H complex numbers +
DC). With the number of neurons reported in Sec. II, the HB
system consists of 150 equations.

The HB solver has been tested with power sweeps on
multiple loads, not included in the original dataset used for
the ANN training and testing. The loads are presented at the
fundamental frequency at the drain port, keeping the input port
source at 20 €2 and the higher drain harmonics shunted. For the
device biased in class A, the three loads marked in Fig. 1 are
selected as examples of widely different operating condition:
high-impedance load (black), capacitive load with low real
part (blue) and close to the optimum load (red). The outcome
of the simulation with the MATLAB HB solver is presented
in Fig. 5, compared to circuit simulations (ADS) solving the
same circuit with the original Curtice model. A nearly perfect
match is achieved, demonstrating the ANN model accuracy
and its ability to be seamlessly included in HB algorithms.

Also for the class-B case, the accuracy is very good, as
shown in Fig. 6, where the operation of the device on the
optimum load (red cross in Fig. 1) is presented.
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Fig. 5. HB solution of the class-A stage for different fundamental
loads (see Fig. 1): MATLAB HB solution with ANN model (lines)
compared to circuit simulation with Curtice model (symbols).
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Fig. 6. HB solution of the class-B stage with (45+520) Q2 fundamental
load (close to the optimum load): dynamic load lines at different power
levels; MATLAB HB solution with ANN model (lines) compared to
circuit simulation with Curtice model (symbols).

V. CONCLUSION

We presented a preliminary black-box ANN model of
a GaAs MESFET device, considering all the incident and
reflected port waves at all the harmonics as inputs and outputs,
respectively. The ANN is extracted with a custom software
from load-pull data at the fundamental frequency, while source
impedance and output harmonic terminations are kept constant.
The proposed ANN model has been exploited within HB
simulation, accurately reproducing the device behavior up to
deep compression levels.
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