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ABSTRACT Machine-learning (ML) assisted microwave circuit design is an interesting complement to
traditional topology-based design since it opens up previously unexplored design spaces that in some cases
may offer better performance, or similar performance with a different form factor. A key part is the circuit
model, i.e., the set of discrete building blocks used to create circuits. In the work published so far circuit
models encompassed a single element type in the form of metal pixels. In this paper we propose a circuit
model with additional elements that facilitates diagonal connections and provides higher robustness to
variations in the manufacturing process. A comparison with the pixel model shows that the new model
results in more accurate ML-models for S-parameter prediction with a 9.5% reduction in root mean-square
error (RMSE) on the testset, which translates to more accurate results for circuit synthetization. In addition,
we demonstrate that circuits built with the new model has a higher tolerance to manufacturing imperfections,
with 33% smaller RMSE penalty with respect to the original S-parameters when adding a width perturbation
of 50 μm to diagonal connections, and 50/40% smaller RMSE penalty when shrinking/expanding the size of
elements forming diagonal connections with 2.5% . We also use both the pixel model and the newly proposed
model to design low-pass filters with competitive performance.

INDEX TERMS Circuit optimization, convolutional neural networks, electronic circuits, genetic algorithm,
machine learning, surrogate models.

I. INTRODUCTION
Passive circuits, i.e., circuits consisting entirely of passive
components, play an important role in microwave electronics,
and are for example used to realize matching networks, power
splitters, power combiners, filters and hybrid couplers. Tra-
ditionally, such circuits are created by pre-selecting a circuit
topology consisting of lumped transmission lines and/or dis-
crete components to satisfy a set of performance criteria that
often are related to the scattering parameters (S-parameters)
between a set of input/output (I/O) ports. The performance is
then optimized through parameter sweeps of transmission line
lengths and/or the impedance of discrete components.

The traditional approach has the drawback that pre-
selecting a circuit topology limits the space of achievable

S-parameters and consequentially, one may miss out on more
advantageous electromagnetic (EM) structures. To address
this, Liu et al. [1] proposed a deep-learning based inverse de-
sign method for passive EM structures with two ports, which
was later expanded to planar antenna structures and more
complex multi-port circuits by Karahan et al. [2], [3], [4]. The
main principle in inverse design is to first define a set of tar-
geted properties, and then use an algorithm to find a structure
providing such properties. Inverse design methods have been
used for many different purposes, including in nanophotonics
design of devices such as multiplexers and lenses [5], [6],
[7], in material design to create materials with specific prop-
erties [8], [9], [10], [11], [12], and in chemical engineering
optimization of distillation column networks [13].
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In the inverse design method of Liu et al., the first step is
to choose an area of a chip or printed circuit board (PCB) to
which circuits are confined, in addition to defining a set of
ports. The selected circuit area is discretized such that it can
be described in matrix form, for example by an N × M matrix,
where the elements can be either “1” or “0”, representing pres-
ence and absence of conducting material in the corresponding
location on the chip/PCB, respectively. Through EM simula-
tions of random circuits described in this manner, a dataset
with circuit arrays and their corresponding S-parameters is
created, which can be used to train machine learning (ML)
models to predict the S-parameters of circuits based on the
binary matrices. Once such a model has been obtained, it can
be used as a surrogate model for Maxwell’s equations to vastly
improve the speed of genetic optimization algorithms for syn-
thetization of new circuits. In contrast, solving Maxwell’s
equations as part of the optimization process was for example
done in [14], but will in many cases be exceedingly time
consuming and computationally demanding. Using a surro-
gate model is therefore the preferable option, provided it is
sufficiently accurate.

In the work published so far the circuit models has used
only square-shaped metal pieces. This might lead to issues
both with high impedance diagonal connections and the man-
ufacturing process, if the connections are very narrow. We
therefore propose a new circuit model which apart from
square-shaped metal pieces uses additional elements that en-
able diagonal connections of the same width as the straight
paths. The proposed model is compared with a model using
square-shaped and we find that it enables more accurate ML-
models to be trained, which in turn lead to a more accurate
process for circuit synthetization. Furthermore it results in cir-
cuits with slightly smaller loss compared to the known model
and we demonstrate that it is more robust to imperfections in
the width of diagonal circuit connections, which indicates it
should be more robust to manufacturing imperfections.

The paper is structured as follows: in Section II we in-
troduce the circuit models we consider, and describe how
they are used to build circuits. In Section III we describe the
generation of datasets with circuit arrays and corresponding
S-parameters for the circuit models, that can subsequently be
used to train ML-models for S-parameter prediction. Using
these datasets we also compare the circuit models in terms
of loss and tolerance to manufacturing imperfections. In Sec-
tion IV we discuss the structure and the performance of the
ML-models trained on the datasets and Section V presents the
genetic optimization procedure for synthesizing new circuits,
as well as how we generate low-pass filters with competitive
performance. Finally, we conclude the paper in Section VI.

II. CIRCUIT MODEL DESCRIPTIONS
We use two circuit models which we call the Square-Model
and the Octagon-Model, which sometimes will be referred to
as SqMod and OctMod, respectively. The geometrical struc-
tures of the models are identical. The stack-up is the same as
in [15], from bottom to top, a copper ground plane, a 508 μm

Rogers-4350B substrate with εr = 3.66, and a 17 μm copper
layer for the circuits and port connections. The circuits are
confined to a square-shaped area discretized with a grid of
13 × 13 square-shaped cells with 900 μm × 900 μm size,
and a pair of ports placed symmetrically on opposite sides.
Each circuit is represented by a 13 × 13 binary matrix which
describes the placement of elements in the circuit layer. The
choices regarding grid size and number of elements are mo-
tivated by initial experimenting where we find that the circuit
size and resolution allow us to, e.g., design low-pass filters,
while at the same time enable training of accurate ML-models
with reasonable EM-simulation efforts.

The positions of the circuit elements are described using a
Cartesian coordinate system with origin in the middle of the
circuit area, the x-axis pointing from port 1 to port 2, and the
y-axis perpendicular to the x-axis in the circuit plane. It can
also be said that the x- and y-directions correspond to the rows
and columns of a circuit matrix, respectively.

A. THE SQUARE-MODEL
The Square-model utilizes only square-shaped metal elements
to form circuit patterns, and was for example utilized in [1],
[2], [3], [4]. Fig. 1(a) shows an example circuit created using
the circuit matrix shown in Fig. 1(c). The grid onto which
the metal elements are placed is indicated with dotted lines.
Each grid element corresponds to an element of the circuit
array, and the placement of metal elements is straightforward:
for every matrix element which is “1”, a metal element is
placed onto the corresponding grid element such that the cen-
ter points coincide.

The Square-model has narrow diagonal connections, in par-
ticular when the elements have identical size as the grid such
that only the corners of elements on a diagonal touch each
other. Narrow connections imply large impedance, and will
also be more difficult to manufacture with good precision, thus
increasing the risk for discrepancy in performance between
simulated and fabricated designs. Narrow connections in cir-
cuits may also increase the simulation time required to create
a dataset since a finer mesh typically is required. One way
to enable diagonal connections for a circuit model with only
square-shaped elements is to expand the size of the discrete
elements relative to the circuit grid. In the work by Karahan
et al., an expansion of 25% was used [2] In our work we
chose an expansion of 20% which gives the circuit elements
of the square-model a length of 1080 μm and a characteristic
impedance of 50 � with the given stack-up [16]. The corre-
sponding width of diagonal connections is 255 μm.

B. THE OCTAGON-MODEL
To address the Square-model’s issue with narrow diagonal
connections we propose the Octagon-Model which utilizes
metal elements of both square and octagonal shape. The
Octagon-model uses the same types of circuit grid and cir-
cuit arrays as the Square-model, but a different set of circuit
elements. While the square models use a single discrete build-
ing block to form metal paths, the Octagon-model uses both
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FIGURE 1. Two example circuits resulting from the same circuit matrix. The circuit grid onto which elements are placed is indicated with dotted lines. (a)
Square-model with metal elements enlarged with 20% relative to the grid. (b) Octagon-model utilizing a combination of square-shaped pieces with either
0◦ or 45◦ rotation and octagons. (c) The circuit matrix with 9 × 9 elements. Port 1 is connected to element (0,4) and port 2 to element (8,4).

FIGURE 2. The main building blocks of the Octagon-model with, from left
to right: octagon, square without rotation, square rotated 45◦.

square-shaped elements and octagons. Fig. 1(b) shows an
example circuit created using the circuit matrix in Fig. 1(c).
The length of the sides of the square-shaped elements, and
the distance between opposite edges of the octagons, is the
same as the length of the sides of the grid cells, i.e. 900 μm.
This gives the element of the Octagon-model a characteristic
impedance of 56 � [16].

The final part of this section contains a description of the
Octagon-model, which we divide into two parts. Part 1 is
dedicated to the main circuit elements and how to select them,
and part 2 to secondary circuit elements used to bridge gaps
and/or to smoothen paths between main elements.

1) MAIN CIRCUIT ELEMENTS
The main elements of the Octagon-model are placed such that
their center points coincide with the center points of the grid
elements. There are three types of main elements:

Oct: octagon without rotation,
Sq-0: square without rotation,
Sq-45: square with 45◦ rotation.

Fig. 2 shows the main elements of the Octagon-model and
how they are placed relative to their corresponding grid el-
ements. For a given entry in the circuit matrix, the circuit
element to use depends on the surrounding matrix entries, i.e.
those whose row and/or column indexes differ with at most 1.

FIGURE 3. Examples of main elements (M) surrounded by nearest
neighbors (N) and/or diagonal neighbors (D). (a) Type 1 main element with
a single nearest neighbor and a single diagonal neighbor that does not
share any nearest neighbors with the main elements. (b) Type 2 main
element with two nearest neighbors and a single diagonal neighbor
sharing one nearest neighbor with the main element. (c) Type 3 main
element with a single diagonal neighbor.

We refer to these elements as nearest neighbors and diagonal
neighbors, defined as:

Nearest neighbor: a “1” in the circuit matrix with ±1 differ-
ence in row or column index,

Diagonal neighbor: a “1” in the circuit matrix with ±1 differ-
ence in row and column index.

Consider an element ε with a set of nearest neighbors Nε , a
set of diagonal neigbors Dε , and let Aε = Nε ∪ Dε . We choose
the element type for ε by using the following rules:

Oct: (|Nε | ≥ 1) ∧ (|Dε | ≥ 1) ∧ (∃δ ∈ Dε , Nδ ∩ Nε = ∅),
Sq-0: ((|Nε | ≥ 1) ∧ (∀δ ∈ Dε, Nδ ∩ Nε �= ∅)) ∨ |Aε | = 0,
Sq-45: (|Nε | = 0) ∧ (|Dε | ≥ 1)

The math symbols used for the element placement rules are
found in [18].

Fig. 3(a)–(c) shows examples of a main element (indicated
by “M”) surrounded by nearest neighbors (indicated by “N”)
and/or diagonal neighbors (indicated by “D”). To provide an
explanation of how the placement rules, we choose the case
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FIGURE 4. The secondary building blocks of the Octagon-model with, from
left to right: square without rotation forming connections in the
y-direction, square without rotation forming connections in the
x-direction, and square rotated 45◦ forming diagonal connections.

displayed in Fig. 3(a) where the main element has a single
nearest neighbor and a single diagonal neighbor. Selecting an
octagon for this element requires three conditions to be satis-
fied. Firstly, the number of nearest neighbor elements must be
at least 1, secondly the number of diagonal neighbor elements
must be at least one, and thirdly, there must be an element
δ among the set of diagonal neighbor elements that does not
share any nearest neighbors with the main element. All three
conditions are satisfied for the main element in Fig. 3(a),
which consequently is an octagon. On the other hand, as seen
in the rule for Sq-0, selecting such an element requires either
that there are no neighbor elements at all, or that all diagonal
neighbor elements share a nearest neighbor elements with the
main element, which is not true in this case.

2) SECONDARY CIRCUIT ELEMENTS
Apart from the main circuit elements listed here, secondary
square-shaped elements are placed in the circuits to bridge
gaps between elements, or to form smoother paths. The types
of secondary elements are:

Sq-0-y: square without rotation for connections along the y-
direction (column direction in circuit matrix),

Sq-0-x: square without rotation for connections along the x-
direction (row direction in circuit matrix),

Sq-45-diag: square with 45◦ rotation for diagonal connec-
tions.

Fig. 4 illustrates the secondary elements of the Octagon-
model. Given two main elements ε1 and ε2, the rules for when
to use them are as follows:

Sq-0-y: ε1 and ε2 are nearest neighbors in the same row. At
least one is of type Oct,

Sq-0-x: ε1 and ε2 are nearest neighbors in the same column.
At least one is of type Oct,

Sq-45-diag: ε1 and ε2 are diagonal neighbors. Both are of type
Oct or Sq-45.

All secondary elements are placed with their center points
between the center points of the main elements. Fig. 5 shows
three examples of uses of secondary elements. In Fig. 5(a)
a square is used to form a smoother circuit path along the
x-direction when two octagons are next to each other, in

FIGURE 5. Examples of how the secondary elements of the
Octagon-model can be used to form smoother paths, or to form diagonal
connections. (a) a metal square smoothens the path between two
octagons in the x-direction, (b) a metal square smoothens the path
between main elements of type 1 and 2 in the y-direction, and (c) a square
rotated 45◦ forms a connection between two main elements of type 3.

Fig. 5(b) a square smoothens the path along the y-direction
when an octagon is placed next to a square without rotation,
and in Fig. 5(c) a square rotated 45◦ is required to form a
connection between two main elements that also are squares
with 45◦ rotation.

III. COMPARISON OF CIRCUIT MODELS
In this section we compare the circuit loss and tolerance to
manufacturing imperfections of the circuit models based on
the datasets we generate through simulations of random cir-
cuits in HFSS.

A. DATASET CREATION
We create two datasets, one for the Octagon-model and an-
other for the Square-model. 60,000 unique circuit matrices
are generated as a first step. The corresponding circuits are
then simulated with an EM-solver for both circuit models and
added to the respective dataset together with the S-parameters.
The circuit matrices of the two datasets are hence identical,
but the S-parameters are different due to the usage of different
circuit models.

A circuit matrix is created by first drawing a value for the
probability of ones, pmetal , from a normal distribution with
mean of 0.50 and standard deviation of 0.15 and with lower
and upper limits of 0.20 and 0.80, respectively. In the next step
a 13 × 13 matrix with random numbers drawn from a uniform
distribution between 0 and 1 is generated. Matrix elements
smaller than pmetal are set to 1 and the remaining elements
to 0. In the final step we check if a circuit resulting from the
matrix has a metal path between the ports. If true, the matrix
is kept, otherwise new matrices are generated using the same
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FIGURE 6. Boxplots of S12 versus frequency obtained using the dataset of the Octagon-model. (a) |S12|, (b) ∠S12 in radians.

pmetal value until we find one that satisfies the port connection
condition.

As in [1] and [2], the number of data examples in the dataset
is increased with data augmentation. With two symmetrically
placed ports, and the coordinate system defined as in II, the
data can be quadrupled with the following operations:
� flip array around the x-axis,
� flip array around the y-axis,
� 180◦ rotation in the xy-plane.
Simulating 60,000 circuits with the 3D FEM EM solver

HFSS [17] thus provides us with 240,000 circuits in total. The
augmentation operation only needs to be performed a single
time and takes less than a minute for our datasets. In the HFSS
simulations we use transmission lines with a length of 4.5 mm
between the ports and the circuits, and the S-parameters are
de-embedded such that the reference plane is 0.9 mm from
the circuits.

If the datasets are to be expanded, a method for active
learning similar to the work in [19] can be used, where new
variations of unit cells for optical metasurface creation are
added to an existing dataset based on the uncertainty of a
ML-model in predicting their transfer functions.

We first compare the variation of the S-parameters in the
datasets for the circuit models. Fig. 6(a) and 6(b) show box-
plots of the magnitude and phase of S12 from 1 to 10 GHz
for the Octagon-model. The edges of each box marks the
first and third quartile, hence each box contains 50% of the
data points at that frequency. Furthermore, the horizontal line
within each box represents the median, the whiskers (the hori-
zontal lines above and below each box) indicate the range that
contains 99% of the data points, and outliers are indicated
with black circles below or above the whiskers. Visualizing
the S-parameters values in the dataset in this way is useful
to get an idea of the S-parameters that are supported by our
circuit model and hence can be achieved in circuit syntheti-
zation through genetic optimization. As an example, with our

dataset, it is easy to see that both the phase and amplitude
ranges of S12 at the lower frequencies in the plot are limited,
and it would be difficult to achieve circuits with ∠S12 = ±π

at 1 GHz. Looking at Fig. 6(a), we also note that the whiskers
containing 99% of the points span almost the whole pos-
sible range from 3 GHz and upwards, which indicates that
circuits with filter characteristics could be generated at those
frequencies. We explore this in Section V-A. The achievable
S-parameter range for a given model is determined by its
material and geometrical properties. If we want to achieve
more S-parameter variations one option is to use a larger chip
area and another to increase εr .

B. CIRCUIT LOSS
We expected circuits built with the Octagon-model to have
smaller insertion loss in general due to its improved diagonal
connections. To assess this we plot the cumulative distribution
function (CDF) of |S12| in dB at different frequencies for each
dataset. The results are shown in Fig. 7(a) and 7(b), for |S12|
ranges of −20 dB to 0 dB and −1 dB to 0 dB, respectively, at
frequencies of 1 GHz, 5.5 GHz and 10 GHz. Fig. 7(a) shows
that the curves for the two models look qualitatively similar,
but it is noteworthy that for all three frequencies the CDF for
the Octagon-model is shifted to the right with respect to the
corresponding curve for the Square-model, indicating lower
circuit loss. For example, looking at Fig. 7(b) we note that at a
cumulative probability of 0.9 and a frequency of 1 GHz |S12|
is approximately 0.1 dB smaller for the Square-model.

C. ROBUSTNESS TO MANUFACTURING IMPERFECTIONS
Due to its narrow diagonal connections we assume that the
Square-model is more sensitive than the Octagon-model to
manufacturing imperfections. To investigate this we randomly
select 1000 circuit matrices from the datasets which contain
at least one diagonal connection, and for the corresponding
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FIGURE 7. Cumulative distribution functions of |S12| at 1 GHz, 5.5 GHz and 10 GHz for the dataset of each circuit model. (a) −20 dB to 0 dB, and (b)
−1 dB to 0 dB and cumulative probabilities above 0.9.

FIGURE 8. Diagonal connections with perturbaxtion elements increasing
the normal width d with �. Here � = 250 μm for illustrative purposes but
in our test we use � = 50 μm. (a) Square-model, d = 254.6 μm.
(b) Octagon-model, d = 900 μm.

circuits we run two different tests where we perturb or modify
the width of diagonal connections.

1) TEST 1
In the first test, a small perturbation element is added to all
diagonal connections, which increases the normal width d
with � = 50 μm. The reason for using an expansion of 50 μm
is that this is the largest fabrication error for the process we use
for circuit manufacturing. These perturbations can be easily
implemented in HFSS simulations by adding a square-shaped
element with appropriate dimensions, as illustrated in Fig. 8.
Note that in the examples the width expansion � = 250 μm
is used to better illustrate the perturbations. The normal width
of diagonal connections are 254.6 μm and 900 μm for the
square-model and the octagon-model, respectively. The main
benefit with this test is that it provides a fair comparison
between the two circuit models in the sense that the pertur-
bations will have the same area.

FIGURE 9. Circuit elements forming diagonal connections are expanded
with a factor α. The leftmost column shows the case α = 1.0 (normal
element size), the column in the middle the case α = 0.9 and the rightmost
the case α = 1.1. The values of 0.9 and 1.1 were chosen for illustrative
purposes. In the tests, we compared the normal case with α = 0.975 and
α = 1.025. (a) Square-model. (b) Octagon-model.

2) TEST 2
In the second test we expand or shrink the size of circuit
elements forming diagonal connections with a factor α and
compare with the normal case of α = 1.0. We use α val-
ues of 0.975 (2.5% shrinkage) and 1.025 (2.5% expansion).
Fig. 9 visualizes the impact of different α values for both
circuit models. In the leftmost column the normal case is
shown, while the center and rightmost columns show example
connnections for α = 0.9 and α = 1.1, respectively. For the
purpose of illustration, we use larger shrinkage/expansion in
the figure.

3) RESULTS
Table 1 shows the results for the two tests when we calculate
the RMSE with respect to the S-parameters of the circuits
used for the tests without modifications. For Test 1 where

VOLUME 5, NO. 6, NOVEMBER 2025 1363



SJÖDIN ET AL.: COMPARISON OF CIRCUIT MODELS FOR ML-ASSISTED MICROWAVE CIRCUIT DESIGN

TABLE 1. RMSE With Respect to Circuits Without Perturbed or Modified
Diagonal Elements

a small perturbation is added to diagonal connections, the
average RMSE of the Octagon-model is 1.6e-2 and for the
Square-model it is 2.4e-2. The Square-model thus has a 50%
RMSE increase on average in this test.

For Test 2 with α = 0.975, the Octagon-model circuits have
an average RMSE of 2.3e-2, while the RMSE is 4.7e-2 for the
Square-model circuits, i.e. more than a factor of 2 larger. With
α = 1.025 the RMSE is 2.8e-2 and 4.6e-2 for the Octagon-
model circuits and the Square-model circuits, respectively.
Using the Octagon-model hence gives 40% smaller penalty.

Both tests indicate that the Square-model is much more
sensitive to manufacturing uncertainties, due to its narrow
diagonal connections. The higher robustness of the Octagon
model should be taken into account when deciding which
circuit model to use.

IV. MACHINE LEARNING MODELS
Similar to [1] and [2], we use the datasets to train convo-
lutional neural network (CNN) models to act as surrogate
models, thus enabling circuit synthesis with genetic opti-
mization without requiring time consuming EM simulations
for evaluating the candidate circuits. The CNN, originally
proposed in [20], is a natural choice as ML-model for ML-
assisted circuit design due to the image-like circuit arrays
being used. We train models to predict the real and imaginary
parts of S11, S12 and S22 from 0.5 GHz to 10 GHz with
0.5 GHz resolution and the total number of output parameters
is hence 120 (real and imaginary parts of three parameters at
twenty frequency points). The ML-models are trained for a
maximum of 300 epochs, with learning rate starting at 0.05
and gradually decreasing to 1 × 10−4. Early stopping is used
in case model performance stops to improve based on the
validation data. We use Keras with Tensorflow with GPU
support, and the GPU is a Tesla V100. The time to train a
single model is approximately 3 hours and 15 minutes if the
300 epochs limit is reached.

For all ML-model tests, the dataset is split into one part for
the training, another part for the validation during the training,
and a third part for testing after training was completed, with
identical splits for the datasets for the different circuit models.
The shares are 70%, 15% and 15% for training, validation and
testing respectively. It is ensured that augmented data exam-
ples are put in the same set as their corresponding originals,
i.e. if one of the original circuits is placed in the training set,
so are its three augmentations. To assess the performance of
the ML-models we calculate the average RMSE on the testset.

It is worth mentioning that the complexity of training or
using an ML-model does not depend on the choice of circuit

TABLE 2. Convolutional Layers of the Baseline ML-Model

TABLE 3. RMSE of Baseline ML-Model on Testsets

model, since both the Octagon-model and the Square-model
represent circuits with a single binary matrix.

A. FINDING A SUITABLE MODEL STRUCTURE
As a starting point we use a model with essentially the same
structure as the one presented in [2] as a baseline. The base-
line model has 12 convolutional layers with kernel sizes and
number of filters n f ilters as shown in Table 2, with batch
normalization after each layer, which is a technique known to
improve convergence speed [21]. After the convolutional lay-
ers are four fully-connected layers with 500 neurons in each
and batch normalization after each layer, followed by an out-
put layer for the complex S-parameters. In [2], dropout of 50%
was used in the fully connected layers and L2-regularization
with a regularization factor of 0.0001 applied to all learnable
coefficients. The purpose of utilizing these techniques is to
prevent overfitting [22], [23]. However, these regularization
settings did not work well for us as the models had difficulties
to learn, and for our baseline model we instead opted for
15% dropout in both the convolutional layers and the fully-
connected layers, and omitted the L2 regularization. As in [2],
leaky ReLU activations [24] are used in both the convolutional
layers and the fully-connected layers.

For each circuit model we use its dataset to train three
ML-models with the baseline structure. The average RMSE
score on the testset for each case is shown in Table 3. With
the baseline structure as a starting point we make a large
number of tests to see how the performance is affected by
the number of convolutional layers and fully-connected lay-
ers (also known as dense layers), convolutional filter kernel
sizes and the number of filters per layer, number of neurons
in the dense layers, activation functions, regularizations, and
utilizing pooling operations after the convolutional layers.

As it turns out, similar ML-model structures perform
equally well for the circuit models, which is not surprising
considering that the input data is identical and although there
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FIGURE 10. Overview of the structure of the ML-model for S-parameter prediction. Kernel sizes from 8 × 8 to 2 × 2 are used for 2D convolutions.
Max-pooling is only used after twelfth convolutional layer.

TABLE 4. Convolutional Layers of the Final ML-Model

TABLE 5. RMSE on Testsets of Final ML-Models Predicting Complex S11,
S12 and S22

is variation in the output data it can at least be considered to
be very similar. For the later tests and comparisons we select a
final ML-model structure which has 14 convolutional layers,
with kernel sizes and number of filters n f ilters as shown in
Table 4. Increasing the number of convolutional layers further
gives diminishing returns in terms of performance but on the
other hand it increases the training time and the time required
for circuit synthetization. This may change however for a
larger dataset. An overview of the model structure is shown in
Fig. 10. The final model also has four fully-connected layers,
with 512 neurons in each. Dropout of 10% is used for all
hidden layers and every hidden layer is followed by batch
normalization. We use exponential linear unit (ELU) [25]
activations instead of leaky RELU for all hidden layers, since
this results in approximately a 10% reduction in RMSE for
otherwise identical structures. Max pooling [26] is used after
the twelfth convolutional layer. Apart from a small reduction

in RMSE the max pooling reduces both the training time
and the time required for genetic optimization, due to the
smaller number of model parameters. We test removing and
adding convolutional layers, but 14 layers provides the best
performance.

B. PERFORMANCE ON TEST SETS
To get a final RMSE score for comparing ML-models trained
on the datasets for the different circuit models, we train new
models using a different random seed to split the data into dif-
ferent sets for training, testing and validation. We train three
ML-models for each circuit model and the performance in
terms of RMSE is shown in Table 5. The top row contains the
average mean RMSE for all three ML-models trained per cir-
cuit model, while the remaining rows show the performance
of the best ML-model for each case. ML-models trained using
the dataset of the Octagon-model has 7.2% smaller RMSE on
average, and the difference between the best ML-model for
each circuit model is 9.4% . We assume the reason for the
performance difference is that the Octagon-model, with its
broader diagonal connections, results in circuit behavior that
is more easily captured by an ML-model.

V. CIRCUIT SYNTHETIZATION
Our genetic optimization process for circuit synthesis utilizes
the algorithm described in Algorithm 1.

We let the mutation probability pmut vary with the iteration
count as shown in Fig. 11. The initial value of pmut at the first
iteration is 0.15, and then it decreases to a minimum value
of 0.01 if the iteration limit of 1000 is reached. This profile
for pmut was chosen after some experimentation indicated
that it provides good performance. Starting off with a quite
large mutation probability that subsequently is decreasing is
intuitive, as in the beginning of the process one wants to
explore many options, while only doing small refinements at
the end, when a good candidate hopefully has been obtained.
The number of candidate matrices N in Algorithm 1 is set
to 8192, and we use M = 256. With these settings, it takes
approximately 10 minutes to run a maximum number of 1000
iterations, using the same Tesla V100 GPU that was used to
train the ML-models.
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FIGURE 11. The dependency of the mutation probability pmut on the
iterations of the genetic optimization algorithm.

Algorithm 1: Algorithm for genetic optimization.
1) Select a target profile for the S-parameters,
2) Generate N random binary matrices as the initial set of

candidate circuits,
3) Let the ML-model predict the S-parameters of the

candidate circuits and use the target profile to calculate
a score such as MSE or RMSE for each.

4) Check if there are circuits that satisfies the
performance criteria or if the iteration limit has been
reached. If neither is true, go to the next step.

5) Keep the M best candidates and make copies to form a
new set of N candidate arrays.

6) Randomly permute the copies of the candidates in the
new set of candidate circuits through bit-flip mutations
with a probability pmut , and return to step 3.

A. GENERATING CIRCUITS FROM TEST SETS
We perform genetic optimization tests of the circuit models
and their corresponding ML-models by selecting 100 identical
circuit arrays from each testset not used during training, and
using the S-parameters as the targets to optimize for. We use
complex S11, S12 and S22 for this test and the RMSE of the S-
parameters of the candidate circuits with respect to the target
parameters as the score function in the genetic optimization
process. After obtaining candidate circuits for the test exam-
ples we verify the results with HFSS simulations. The main
purpose of this test is to see if there are differences between
the circuit models in the accuracy of the genetic optimization
procedure. Since the S-parameter targets comes from the test-
set, we know they should be possible to obtain, provided the
ML-model is accurate enough and the optimization procedure
works as intended. The results of this comparison is shown in
Table 6. Looking at this table, we first note for both circuit
models a significant discrepancy between the mean RMSE
values for the testset examples predicted by the ML-models

TABLE 6. RMSE When Generating 100 Circuits Using S-Parameters From
the Testset Not Seen During Training

TABLE 7. Optimization Criteria for Low-Pass Filter Generation

in the genetic optimization process, and the corresponding
values from the HFSS verification. The reason for this is
that in both cases there are nine circuits without a metal
path between the ports, which causes a large discrepancy
between prediction and verification. If we instead consider
the median RMSE, which is impacted by these examples to
a much smaller extent, the agreement between the predicted
performance and the verification results is better. Considering
the verification results there is a small RMSE improvement
for the Octagon-model circuits. The final four rows in Table 6
show the results when excluding the nine circuits without
port-to-port connections, which results in a large reduction in
the mean RMSE of the HFSS verification. The median RMSE
of the HFSS verification is reduced with almost 10% for the
Octagon-model but for the Square-model the reduction is only
about 2% . While this test was performed on a limited number
of test examples, the results indicate that the Octagon-model
provides more accurate genetic optimization results since it
results in a more accurate ML-model.

B. LOWPASS FILTER GENERATION
As another circuit generation test, we use the ML-models
and the genetic optimization algorithm to generate low-pass
filters within 0.5-10 GHz. As a reference we use the com-
mercially available filter ALF-6000+ from Mini-Circuits with
typical and maximum insertion loss from DC up to 6 GHz
of 0.7 dB and 1.2 dB, respectively, typical insertion loss at
6.93 GHz of 3 dB, and rejection higher than 37 dB between
8.2 GHz and 10 GHz [27]. In an attempt to generate circuits
replicating, or coming close to, this performance, we use the
simple genetic optimization criterion shown in Table 7. S11

and S22 are not used in the lowpass filter generation test and
neither is the phase of S12. From 0.5 to 6.0 GHz we aim for
|S12| = 1 and from 7.0 to 10 GHz the target is |S12| = 0. We
don’t use any condition at 6.5 GHz, meaning that |S12| at this
frequency will adapt to achieve the best tradeoff between the
other requirements. When selecting a target profile one needs
to consider what can be realistically achieved with the given
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FIGURE 12. |S12| in dB of the low-pass filters with best results in HFSS
simulations for each circuit model, together with the ML-model predictions
from the genetic optimization. (a) The performance is shown between
0–60 dB. (b) Zoom-in to better visualize the performance in the pass-band.

circuit geometry, the resolution of the discrete elements, and
other factors that influence the performance. In our case we
find that aiming for |S12| = 0 at 6.5 GHz impacts the perfor-
mance in the pass-band negatively, with a premature drop to
smaller |S12| values near the upper band-edge. With a larger
circuit geometry and/or a circuit using multiple layers such
as in [28], it might be possible to achieve a steeper transition
between the pass-band and the stop-band.

For each circuit model we generate 10 different candidate
circuit arrays that are simulated in HFSS. We then select the
filter for each circuit model with the lowest maximum inser-
tion loss in the pass-band while simultaneously achieving at
least the typical rejection of the ALF-6000+ of 37 dB between
8.2 GHz and 10 GHz. The results are displayed in Fig. 12(a)
and (b) for the ranges of −60 dB to 0 dB and −3 dB to
0 dB, respectively and for both the HFSS verifications and
the predictions by the ML-models after the genetic optimiza-
tion. Looking at the HFSS simulation results we note that the

maximum and average pass-band insertion loss for the square-
model filter is 0.64 dB and 0.43 dB, respectively, and the
corresponding values for the Octagon-model filter are 0.49 dB
and 0.30 dB. Both filters achieve a rejection of more than
45 dB within 8–10 GHz. When comparing with the ML-model
predictions we observe that both models overestimate |S12| in
the stop-band. which was the case for several of the generated
filters. The reason for this should be that it is difficult for the
models to learn to distinguish between very small S-parameter
values since such errors are not penalized much during train-
ing. A solution for this could be to train ML-models used for
filter generation also on S-parameters in log-scale. We also
observe a better agreement between simulation and model
prediction for the Octagon-model. The circuit matrices of the
two filters are shown in Fig. 13(a)–(b).

We believe these results show that low-pass filters with
competitive performance can be achieved with ML-assisted
circuit design, even with modest efforts. Better performance
might be achieved by generating more filter candidates in the
genetic optimization, improving the datasets or using larger
circuit area and/or finer discretization resolution. One way to
improve the dataset could be to include the simulation results
from this optimization process, which could enable re-trained
ML-models to produce even better filters. For example, we
note that for some of the generated filters the stop-band re-
jection get significantly worse at 10 GHz, and the simulated
data for these filter tests could help the ML-models to improve
on such details that are important for specific circuit types.
Another suggestion is to use ML-models and optimization
criteria that are more sensitive to very small |S12| values.

C. FABRICATION AND MEASUREMENTS OF LOW-PASS
FILTERS
The best performing low-pass filter for each circuit model
is fabricated with the help of EuroCircuits. For the circuit
created using the Octagon-model we use a taper to achieve
an impedance match with 50 � as shown in Fig. 13(c) for an
HFSS model of the filter. Fig. 13(d)–(e) shows photographs of
the fabricated circuits for the Square-model and the Octagon-
model, respectively.

We remove the impact of the feeding lines from the mea-
surements by using a de-embedding process [29] where the
S-parameters Sc of the circuits of interest are extracted from
the S-parameters Sm measured for the whole fixture and S f of
the feeding lines. The measured S-parameters are converted
to ABCD-parameters and the ABCD parameters of a circuit
of interest are obtained using (1) and subsequently converted
to S-parameters to yield Sc.[

A B

C D

]
c

=
[

A B

C D

]−1

f

[
A B

C D

]
m

[
A B

C D

]−1

f

(1)

Fig. 14 shows the measured S-parameters for the complete
fixture for both circuits as well as the S-parameters for
the circuits extracted using the de-embedding procedure.
The transmission lines between the ports and the circuits
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FIGURE 13. The best low-pass filter circuits for the two circuit models.
(a) Square-model. (b) Octagon-model. (c) Top view of HFSS model of the
Octagon-model filter with taper added to provide match to 50 �.
(d) Fabricated Square-model filter. (e) Fabricated Octagon-model filter.

have lengths of 7.8 mm which degrades the performance
considerably and the maximum insertion-loss in the pass-
band is now 1.5 dB and 1.9 dB for the Octagon-model
filter and the Square-model filter, respectively. The perfor-
mance is as exected much better when de-embedding of the
transmission line feeds is used and the worst pass-band per-
formance is now 0.63 dB and 0.57 dB for the two filters,

FIGURE 14. Measured |S12| in dB of the low-pass filters with and without
de-embedding of the S-parameters of the transmission line feeds. (a) Using
y-axis scale of 0–60 dB. (b) Zoom-in with clearer view of the pass-band.

with the Octagon model filter being slightly worse. We note
however that the de-embedding results in S12 being slightly
larger than 1 close to DC which indicates some inaccuracy.
It is also worth emphasizing that the performance of the
Octagon-model filter has a small degradation due to the taper
used for impedance matching. Regardless, the performance
is quite similar to the HFSS verification results displayed in
Fig. 12.

VI. CONCLUSION
We compare two circuit models for ML-assisted circuit de-
sign, one newly proposed model utilizing a combination of
octagonal elements and square shaped elements with different
rotations and translations with respect to the circuit grid, and
another with only square-shaped metal pieces enlarged 20%
with respect to the grid. Datasets with 60,000 circuit matrices
and their corresponding S-parameters are generated for each
circuit model, and we show that more accurate ML-models
can be trained for the circuit models with wider diagonal
connections, which in turn translates to better performance for
the genetic optimization process used to design new circuits.
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In addition, the cumulative distribution functions of |S12| in-
dicate that circuits created using the Octagon-model typically
has smaller loss than circuits created using the Square-model.
Furthermore we demonstrate with two different tests that
circuits built with the new Octagon-model can be expected
to have higher tolerance to manufacturing imperfections. In
a test where a width perturbation of 50 μm was added to
all diagonal connections, Octagon-model circuits had 33%
smaller RMSE penalty than Square-model circuits on aver-
age, with respect to the S-parameters of the corresponding
circuits without permutations. In another test where circuit
elements forming diagonal connections were scaled in size
with ±2.5%, the RMSE penalty for the Octagon-model cir-
cuits were reduced with 40–50% compared to Square-model
circuits. We also demonstrate generation of low-pass filters
with competitive performance compared to a commercially
available 6 GHz filter. The filter created using the Octagon-
model performs best in terms of insertion-loss, with maximum
and average loss of 0.49 dB and 0.30 dB in HFSS verification,
respectively, while the filters for both circuit models has stop-
band rejection of at least 45 dB. We also fabricate filters and
find good agreement between measurements and simulations.
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