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Abstract — Inverse design of microwave circuits and electronic
systems is challenging due to the ambiguous mapping relationship
from output response to input design parameters. In this
paper, we apply invertible neural networks (INN) for addressing
inverse design problems, where geometrical parameters are
estimated given the desired performance. In the proposed
approach, the bi-directional inference processes are learnt using
an INN. During the inverse process, the posterior distribution
of the design parameters are reproduced based on the target
response, which is especially advantageous in cases where
similar design performances can be achieved with different
parameter combinations. The effectiveness of the method is
demonstrated using an inverse design example of substrate
integrated waveguide (SIW) filter in D-band.
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I. INTRODUCTION

In the design of microwave circuits and electronic systems,
designers heavily rely on the use of electronic design
automation (EDA) tools for the early-stage design space
exploration. In order to speed-up the development cycle, many
numerical methods have been proposed including optimization
[1], [2], [3], [4] and modeling [5], [6], [7], [8] techniques.
However, for fast design and rapid time-to-market, it is
very appealing to be able to directly determine the design
parameters from the desired performance or response, which
is a challenging problem due to the ambiguity brought by the
many-to-one mapping relationship, i.e. non-uniqueness.

Generative modeling has been used to tackle these tasks
in the past. As a candidate, generative adversarial networks
(GAN) have been proposed [9], which shows the capability
in some of the design generation applications [10]. However,
it can be difficult to successfully train GAN models due to
the instability of their training process [11]. Moreover, in
degenerate mapping tasks, these models can be problematic
for recovering the multi-modal distribution in parameter space,
and therefore often times suffer from mode collapse [12].

Alternative approaches to solve the inverse problem are
based on the inverse modeling method [13], [14]. The approach
in [13] is cumbersome since complex and human-intensive
processing of signs of derivatives is required. In some difficult
situations, the information of signs of derivatives is still
insufficient to handle the problem of contradictory data. In
[14] a simpler model is proposed. However, the number of
non-unique solutions needs to be determined to construct the

model. Furthermore, these approaches focus on predicting
exact solutions and cannot provide the variance or distribution
of the predicted solutions, which is required to quantify
uncertainty.

In this paper, we propose an inverse design method for
microwave circuits and electronic systems using invertible
neural networks (INN), where design parameters are predicted
based on the desired target performance [11], [12]. In the
presented approach, the bi-directional inference processes
are learnt using an INN. During the inverse process, the
conditional posterior distribution of the design parameters is
reproduced based on the design goal, which is especially
advantageous for identifying ambiguities and degeneracies in
cases where different parameter combinations can achieve
similar design performances. The effectiveness of the proposed
method is demonstrated for designing a D-band substrate
integrated waveguide (SIW) filter, where only 2 input
parameters are used for the purpose of visualization of the
novel concept. However, the approach is scalable and can
be straightforwardly applied to higher dimensional problems,
where response surface based solutions become no longer
effective.

II. INVERSE DESIGN ESTIMATION

A. Invertible Neural Networks

Traditional neural networks generally consist of multiple
layers of neurons and weighted connections between the layers
[15]. Activation functions of the neurons in the hidden layers
enable the neural networks to capture the nonlinear relation
between the input and output data. These types of networks
focus on forward prediction processes. Due to the limitation
of the network structure, they do not have inverse inference
capability.

To handle the inverse process, invertible neural network
models have been proposed [11], [12]. Invertible neural
networks can be constructed using reversible blocks, as shown
in Fig. 1. The reversible blocks consist of affine coupling
layers. Let a and b denote the input and output vectors of an
individual reversible block, respectively. During the forward
process, the input vector a is divided into two parts, a1 and
a2. As shown in Fig. 2, the values in the output vector b are
calculated as:{

b1 = a1

b2 = a2 � exp(s(a1)) + t(a1)
, (1)
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Fig. 1. Structure of INN consisting of reversible blocks.

Fig. 2. Reversible block for forward process.

where � represents the element-wise multiplication, b1 and
b2 correspond to the two parts that compose the output vector
b, and s and t are arbitrary nonlinear functions which are not
necessarily invertible. Conveniently, the functions s and t can
be also represented using neural networks, such as feedforward
neural networks [15], which can be learnt during training.
Based on the above formulation, the inverse process can be
computed as:{

a1 = b1

a2 = (b2 − t(b1))� exp(−s(b1))
. (2)

It can be seen that computing the inverse of the block does
not bring additional computational complexity compared to
the forward process. When constructing INNs using cascaded
reversible blocks, the connections between the adjacent blocks
should be permuted such that the order of the variables in
the input vector varies for each block, which enriches the
interaction among the block elements and thus improve the
modeling capability of INNs. The bijectivity of the INN model
structure allows for bi-directional operation and training, and
therefore both forward and inverse processes can be well
handled.

B. Inverse Design Prediction Using INN

From the EDA point of view, it’s advantageous to be
able to predict the possible inverse solutions for the desired
design performance of microwave circuits. However, due to
the diversity in the solution space, this inverse mapping
relation is often implicit and ill-posed. In these cases, it’s
favorable to have a model that can generate the posterior
probability distribution in the solution space based on the target
performance, so that the information about those highly likely
solutions and the associated possible multi-modal distributions

Fig. 3. Bi-directional mapping with latent variables z.

Fig. 4. Flowchart for inverse design estimation.

and uncertainty can be embedded in the predicted posterior.
For this purpose, INNs can be used during inverse estimation
for circuit design.

Let x represent the circuit design parameters and y denote
the circuit performance of interest. As shown in Fig. 3, a set
of latent variables z are introduced, which follow some known
simple prior distribution p(z) (e.g. Gaussian distribution) [12]:

y, z = f(x). (3)

The estimation of inverse design is done by learning the
nonlinear transformation between this known distribution of
the latent variables and the original data distribution using
INNs:

p(x,y)←→ p(z,y), (4)

and such that the conditional posterior distribution of design
parameters p(x|ŷ) can be readily obtained for a given target
ŷ. As shown in Fig. 4, the inverse design process can be done
following two key steps:

1) INN training: The training process for INN is
bi-directional. In the forward direction, the training is
performed to minimize the error between the circuit sample
data y and the network output y∗ for the corresponding
input data x, where the loss of mean squared error (MSE)
lMSE(y,y

∗) can be used. At the same time, the difference of
the distribution between sample data [y z] and network outputs
[y∗ z∗] needs to be minimized, where the loss of maximum
mean discrepancy (MMD) lMMD([y z], [y∗ z∗]) can be used
[16], [12]. Here y and z should be independent which gives
p(y, z) = p(y)p(z), and in each training iteration samples of z
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Fig. 5. Structure of a second-order SIW filter.

are randomly drawn from the known simple prior distribution
p(z) which is the Gaussian distribution in this paper. In the
inverse direction, the loss lMMD(x,x∗) is applied to minimize
the difference of the distribution between the sample data x
and the network inverse prediction x∗ to improve training. The
total loss is a weighted sum of each loss term:

ltotal = w1 lMSE(y,y
∗) + w2 lMMD([y z], [y∗ z∗])

+ w3 lMMD(x,x∗)
. (5)

To enhance the modeling capability, and to keep the input and
output dimensions same, zero padding can be applied on either
side of the INN. In this case, MSE loss can be added for these
padded dimensions [12]. Using the above training scheme,
INN is trained bi-directionally in each training iteration. If
the loss performance of the trained INN is not satisfactory or
convergent, more circuit samples can be added and redo the
training.

2) Inverse estimation: After the INN is trained, the
conditional distribution of the circuit design parameters can be
generated for a target ŷ. This step only involves the inverse
inference process of INN. When doing inverse estimation,
the values of y at the network output side are fixed to ŷ,
whereas the z values are randomly sampled from the prior
p(z). The generated values are then fed into the INN to obtain
the corresponding values of the design parameters x. Since
the inference of INN is very fast, a large amount of samples
of x can be obtained through this inverse process. Based on
the joint distribution p(x|ŷ) that is reconstructed using the
inverse-inferenced samples of x, candidate design parameters
combinations or regions can be picked for inverse design
validation.

III. RESULTS

In this section, the INN-based inverse design method
is validated using an inverse design example of SIW filter
in D-band. For ease of demonstration and visualization, an
SIW filter example with 2-dimensional design space is used.
However, the method can be applied to higher dimensional
problems as well.

The target structure is given in Fig. 5 and is a second-order
SIW filter with polymer-coated glass substrate and has a
total thickness of 130 µm. Permittivity and loss tangent of
the polymer and the glass material are εr =(3.2, 4.9) and

Table 1. Design Parameters of SIW Filter

Parameter Unit Min Max
Slot Width wslot µm 40 120
Slot Depth dslot µm 150 300

Fig. 6. Predicted conditional posterior distribution of the design parameters.
Candidate points are marked as red stars.

tanδ =(0.044, 0.0056), respectively. The width of the filter
is 775 µm. The two design parameters are the slot width wslot
and slot depth dslot of the feeding structure as shown in Fig.
5, and the ranges of their values are given in Table 1. The
target characteristics that will be investigated are the center
frequency fc of the pass band, and the roll-off which is the
slope of S21 in dB at lower cut-off frequency:

roll-off =
∂S21 (dB)

∂freq (GHz)
. (6)

In this example, an INN model is constructed using 8
reversible blocks with permutation layers between them. For
better modeling capability, the inputs (wslot and dslot) are
zero-padded to 16 dimensions. The output variables consist
of the target characteristics (center frequency and roll-off)
and 2-dimensional latent variables z, and are padded to 16
dimensions as well. When generating training samples, the
values of wslot and dslot are drawn randomly from uniform
distributions within their corresponding ranges. The SIW filter
structures are simulated in HFSS. With 150 samples, the
training process of INN can be finished within a few seconds.
For the training samples, fc falls into the range of 136.8 ∼
163.1 GHz, and roll-off falls into the range of 1.51 ∼ 5.28
dB/GHz.

To validate the inverse design capability of the trained INN,
the conditional posterior distribution is generated as shown in
Fig. 6 for target design performance: fc = 142 GHz; roll-off
= 2.6 dB/GHz. Fig. 6 shows the joint posterior distribution in
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Fig. 7. Insertion loss for the two candidate designs obtained with INN.

Table 2. Performance of Inverse Design Candidates

Parameter Performance
wslot
(µm)

dslot
(µm)

fc
(GHz)

Roll-off
(dB/GHz)

Design Target - - 142 2.6
Candidate 1 51 260 141.4 2.61
Candidate 2 106 176 142.6 2.93

the 2-dimensional design space with the marginal distribution
plotted along the axis for each design parameter. From the
figure, it can be seen that the SIW filter structure presents
bi-modal distribution for the desired performance, which is
captured by the INN. Based on the predicted distribution
in Fig. 6, multiple candidate design regions or parameter
combinations can be identified. Here, two candidate designs
are picked by selecting the peak distribution density points in
the two regions, which are marked as red stars in Fig. 6. The
candidate points are then simulated in HFSS. Their parameters
values and performances are shown in Table 2. Further, the
insertion loss of the designs generated by the INN are given in
Fig. 7. Here, design candidate two shows typical characteristics
of a second-order filter, a two-notch passband with the desired
cut-off frequency and roll-off performance. However, design
candidate one shows a significantly higher Q-factor and roll-off
performance without any ripples in the passband. This further
validates the effectiveness of the proposed method and it
can be seen that the INN has revealed two designs with
desired performance: an intuitive solution with the expected
characteristics and impedance matching, and an unintuitive
design with a significantly higher Q-factor that is obtained
by changing the input impedance of the SIW.

IV. CONCLUSION

In this paper, an inverse design method for microwave
circuits and electronic systems based on INN is presented,
where the transformation between the samples distribution
and the prior distribution of latent variables is learnt. The

conditional posterior distribution of the design parameters
can be predicted for desired target, which is especially
advantageous for handling non-uniqueness and degeneracies
when multiple candidate solutions exist. The effectiveness of
the method is validated using an inverse design example of
SIW filter in D-band.
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