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ABSTRACT This paper presents attention-based deep neural networks for high-dimensional microwave
modeling to predict behavior of spatio-temporal modulated (STM) non-reciprocal bandpass filters
(NR-BPFs). The proposed method integrates convolutional neural networks (CNN), joint channel-spatial
attention, and residual connections to enhance prediction accuracy and model generalization. The combined
channel-spatial attention approach allows the model to concentrate on essential features, while residual
connections improve learning by reducing overfitting and preventing vanishing gradients, ensuring efficient
gradient flow. For experimental validation of the proposed model, high-dimensional microwave modeling of
four types of NR-BPF (example 1: third-order single-band NR-BPF, example 2: fourth-order single-band
NR-BPF, example 3: third-order dual-band NR-BPF, example 4: microstrip line third-order single-band
NR-BPF) are performed. Experimental results show that the proposed model exhibits superior performances
for four types of NR-BPFs, achieving lower root mean square error (RMSE) and higher R-squared as
compared to conventional deep multilayer perceptron (MLP) and standard CNNmodels. The results indicate
that the proposed approach provides a robust solution for accurately predicting complex input-output
relationships in STM-based NR-BPFs, outperforming conventional deep MLP and CNN models in both
prediction accuracy and model robustness.

INDEX TERMS Attention-based deep learning, harmonic balance, high-dimensional, microwave modeling,
non-reciprocal filters.

I. INTRODUCTION
Non-reciprocal circuits are one of the crucial components
of RF wireless communication systems and radars [1], [2].
Non-reciprocal circuits break the principle of reciprocity
and allow signal transmission in forward direction and
block in opposite direction. To break reciprocity theory
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in the microwave/millimeter domain, one of the common
methods is to use ferrite-based magnetic material [3], [4].
However, ferrite-based non-reciprocal circuits are bulky,
expensive, and not compatible with integrated circuit (IC)
design. To alleviate the use of ferrite-based resonators, spatio-
temporal modulation (STM) is an alternative efficient method
to implement microwave/millimeter wave non-reciprocal
circuits [5], [6]. In the STM approach, non-reciprocal cir-
cuits such as non-reciprocal bandpass filters (NR-BPFs) and
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circulators are designed by modulating capacitor values of
non-linear resonators with progressive phase shift modulation
signal [7], [8], [9], [10], [11], [12], [13].

Predicting the performances of STM-based non-reciprocal
circuits and capturing the process behind non-reciprocity
are vital because they provide insight into ways to mini-
mize forward insertion loss and enhance reverse isolation.
However, the performance of STM-based non-reciprocal cir-
cuits cannot be captured by traditional scattering parameters
(S-parameters) analysis. A classical approach for the predict-
ing behavior of STM-based non-reciprocal circuits is possible
by performing a time-domain transient analysis followed by
a Fourier analysis. However, this process requires a long
simulation time with a very short time step. Another classical
approach for predicting the behavior of STM-based non-
reciprocal circuits is the harmonic balance (HB) method [14],
where the circuit is split into a linear subcircuit and a
nonlinear subcircuit. In the HB method, the elements in
the liner section are expressed with their frequency domain
admittance or impedance, and the analysis is done in the
Fourier domain [15]. The nonlinear section is solved in the
time domain by algebraic methods or by solving time-domain
differential equations [15]. Therefore, the HB method may
suffer from several challenges such as convergence issues
and computational complexity. In addition, the HB method
uses an iterative process to solve non-linear equations in
Fourier and time-domain analysis, therefore, the solution
of nonlinear equations may not always converge, and as a
result, the performance of non-reciprocal circuits cannot be
accurately predicted.

In recent years, artificial neural networks (ANN) are
emerged as powerful tools to solve complex problems and
also used in forward/inverse modeling of microwave cir-
cuits [16], [17]. Since there is no analytical formula or
function to solve forward/inverse modeling problems of
microwave circuits, ANN has been explored in learning the
input and output relationship of microwave circuits such as
predicting the frequency response of reciprocal microwave
circuits [18]. For predicting the performance of STM-based
NR-BPF, typically ANN models require circuit parameters
of non-reciprocal circuits as inputs and scattering parame-
ters (S-parameters) at different frequency samples as output,
resulting in model input and outputs as high-dimensional
nonlinear relationships. Therefore, it is necessary to develop
efficient high-dimensional microwavemodeling to satisfy the
requirements of STM-based microwave NR-BPF. As a result,
the predicting performance of the NR-BPF problem becomes
more challenging and it may be beyond the capability of
conventional shallow ANN (such as networks containing one
hidden layer) [19].

To solve high-dimensional microwave modeling problems
of microwave circuits, deep neural networks such as feedfor-
ward deep neural networks [20], [21], regularized deep belief
networks (R-DBN) [22], and convolutional neural network
(CNN) [23] have been presented for reciprocal microwave

filters. One of the widely used deep neural networks for
microwave modeling problems is the deep multilayer percep-
tron (MLP) [20], which is a fully connected neural network
consisting of an input layer, several hidden layers, and an
output layer. Selecting an activation function in deep MLP
can influence the training error and can be easily overfitted.
In addition, the activation functions such as sigmoid and tanh
functions pose challenges in training deep MLP due to the
vanishing gradient problem. When neural networks become
deeper and deeper (i.e. large number of hidden layers), the
gradients become increasingly small as they propagate back
through many layers, primarily due to repeated multiplica-
tion by small values from weights and activation functions
derivatives. This results in insufficient updates to the weights
of the early layers and causes slow learning or even stalled
learning in deep neural networks. In multilayer feedforward
networks [21], the inputs to each layer are influenced by the
outputs of the preceding layers, therefore, the training of these
neural networks is complex and time-consuming. Due to the
dependency of input for one layer to preceding layers, even
small changes in the lower layers can make training deeper
networks more difficult.

CNN is one of the other types of deep neural networks
that have been used for learning high-dimensional microwave
modeling problems, in which inputs and/or outputs can be
processed in an image-like representation [22], [23], [24].
CNNs are effective for handling high-dimensional modeling
problems of microwave circuits as CNN exploits local con-
nections and shared weights, which significantly results in
reducing the number of parameters. However, conventional
CNN is less robust and sensitive to changes in architec-
ture and weight initialization. Therefore, it is harder to
consistently train models and requires significant hyperpa-
rameter tuning for optimal performance. In addition, the
numerous training data intensifies this problem. There are
other types of deep neural networks such as deep recur-
rent neural networks (RNNs) [25], [26], [27], [28], and
long short-term memory (LSTM) [29] which have been
applied for modeling nonlinear electronic circuits. In [30],
researchers applied LSTM based on recurrent neural network
(RNN) to predict short-term attenuation in microwave link.
LSTM networks are particularly valued for their ability to
capture temporal dependencies in sequential data through
gated mechanisms that regulate information flow. However,
implementation of LSTM networks faces significant chal-
lenges arises from multi-high-order matrix vector multiplica-
tions [31], [32]. It should be noted that excessive retraining or
fine-tuning of deep neural networks increase computational
costs and often fails to maintain stable performance across
various conditions. Therefore, developing a robust ANN
model that can accurately address complex, high-dimensional
input-output relationships in microwave circuits, while
enhancing model generalization, is highly beneficial for
advancing the efficiency and precision of circuit design and
analysis.
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FIGURE 1. Circuit diagram of spatio-temporal modulated (STM) based non-reciprocal bandpass filter (NR-BPF) and conceptual frequency
response.

In STM-based microwave non-reciprocal circuits, spe-
cific regions of frequency response are crucial as they
contain more critical features needed to accurately predict
circuit behavior. In addition, these regions can signifi-
cantly influence non-reciprocity behavior of the circuit
that can become challenge for deep learning microwave
modeling. To address complexities for precise and robust
deep learning modeling, accurately capturing these features
are essential.

To overcome this challenge and the shortcomings of
previously presented deep neural networks, this paper pro-
posed an attention-based deep neural network by combining
CNN, joint channel-spatial attention, and residual connec-
tion. The proposed attention-based deep neural network is
capable of handling complex input-output relationships of
high-dimensional microwave modeling problems of STM-
based non-reciprocal microwave circuits with enhanced
prediction accuracy and better generalization across dif-
ferent non-reciprocal microwave circuits. Attention-based
mechanisms can dynamically adjust the focus to extract the
most important features in different datasets. To improve the
robustness of the proposed model, we used residual connec-
tion which allows information to bypass poorly optimized
layers and enhance the model’s ability to learn consistently
and efficiently.

II. PROPOSED MICROWAVE MODELING OF NR-BPF
A. PRINCIPLE AND CHALLENGE
Fig. 1 shows the circuit diagram of STM-based NR-BPF,
where time-varying LC resonators with self-resonant cou-
pling (Mii) are coupled through coupling element values
(Mij). NR-BPF integrates bandpass filter characteristics and
isolator functionality in one circuit, as a result, it provides
the signal transmission in forward direction while block-
ing in reverse direction. To achieve a non-reciprocal filter
response, constitute capacitors of resonators are modulated
with progressive phase shift sinusoidal modulation signal as
shown in (1).

Cv,i (t) = Cv0 [1 + m cos {2π fmt (i− 1) 1ϕ}] (1)

where fm is modulation frequency, m is modulation index
and 1ϕ is progressive phase shift [7]. Similarly, Cv0 rep-
resents nominal capacitance when a modulation signal is
not applied. For achieving bandpass filtering response,

the time-varying resonators are coupled through cou-
pling element values (such as Ms1, M12, · · · ) as depicted
in Fig. 1.

Accurately predicting the frequency response of NR-BPFs
is crucial for understanding non-reciprocity behavior, as well
as for rapid simulation and fabrication. Traditionally, the
frequency response of NR-BPF is simulated using the HB
method, where the circuit is split into a linear subcircuit
and a nonlinear subcircuit, and circuit behavior is extracted
by using time and Fourier domain analysis. However, the
solution to the nonlinear equations in the HB method may
not always converge, leading to inaccurate prediction of
NR-BPF behavior.

In recent years, ANN has emerged as one of the power
tools to solve complex input and output relationships of
microwave circuits, making them suitable for predicting
NR-BPF behavior. In high-dimensional microwave model-
ing, circuit parameters of the NR-BPFs are used as input,
while scattering parameters (S-parameters) at various fre-
quency points can bemodeled as output. Fig. 2 depicts the real
and imaginary parts of S-parameters (input reflection coef-
ficient: S11, forward transmission coefficient: S21, reverse
transmission coefficient: S12, output reflection coefficient:
S22) across 350 frequency points ranging from 1.50 GHz
to 2.10 GHz. These real and imaginary S-parameter val-
ues can be categorized into three frequency regions such as
Region 1, Region 2, and Region 3. As shown in the figure,
Region 2 contains the most critical features for accurately
predicting the behavior of STM-based NR-BPFs. Specifi-
cally, the real and imaginary values of reverse transmission
coefficient (i.e. re(S12) and im(S12)) are very small and
change abruptly within Region 2 when small changed in
the input circuit parameters occur. Even slight variation
in the value of re(S12) and im(S12) in region 2 signifi-
cantly impacts on non-reciprocity performance of NR-BPFs.
Therefore, it remains a challenge for high-dimensional
microwave modeling of NR-BPFs to accurately predict non-
reciprocity behavior. To overcome this challenge, we propose
an attention-based deep neural network for high-dimensional
microwave modeling of NR-BPFs. This approach can enable
the proposed model to focus on the most critical features
such as abrupt changes in S-parameters and provide a robust
solution for accurate prediction of non-reciprocity behavior
of NR-BPFs.
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FIGURE 2. Real and imaginary parts of scattering parameters (S-parameters) of STM-based third-order
single-band NR-BPF with different circuit parameter values such as Case 1: Ms1 = 1.2214, M12 = 1.2045,
M23 = 1.2197, M34 = 1.2128, fm = 125 MHz, m = 0.1184, 1ϕ = 60o, BW = 100 MHz and Case 2:
Ms1 = 1.2022, M12 = 1.1822, M23 = 1.1945, M34 = 1.2128, fm = 110 MHz, m = 0.1090, 1ϕ = 60o,
BW = 100 MHz.

B. PROPOSED ATTENTION-BASED DEEP LEARNING
MODEL
Fig. 3 shows the proposed attention-based deep learning
model for high-dimensional microwave modeling of STM-
based NR-BPFs. In the proposed model, circuit parameters
serve as input, while real and imaginary parts of S-parameters
across various frequency points are outputs. The proposed
method combines CNN, the residual network [33], and the
channel-spatial attention model [34], as illustrated in Fig. 3.
The input signals pass through three convolutional blocks,
each comprising of 1D batch normalization, 1D convolu-
tional, rectified linear unit (ReLU) activation, and 1D max
pooling.

In three convolutional blocks, the first layer utilizes a
7 × 7 filter to effectively capture longer dependencies and
complex patterns, while a 3 × 3 filter is applied in the last
two convolutional layers. The extracted features then flow
sequentially through the channel-spatial attention block and
residual blocks. Finally, the features are processed by a fully
connected layer to generate the real and imaginary parts of
S-parameters.

i) Joint channel-spatial attention and 1D residual model
Although CNNs are primarily used for image recognition
and computer vision tasks, their capability to automatically
learn complex patterns without the need for explicit fea-
ture engineering also makes them well-suited for processing

VOLUME 13, 2025 56223



G. Chaudhary et al.: Attention-Based Deep Neural Network for High-Dimensional Microwave Modeling

FIGURE 3. Architecture of proposed attention-based deep neural network for high-dimensional microwave modeling of
NR-BPFs.

FIGURE 4. Detailed architecture of joint channel-spatial attention model to capture significant features in specific frequency
region with substantial variations.

FIGURE 5. Detailed architecture of 1D residual block with skip connections to ensure effective gradient information flow.

one-dimensional (1D) sequence data. However, CNNs alone
are not enough to handle the high-dimensional model-
ing challenge of NR-BPFs, therefore, we integrate the
channel-spatial attention mechanism along with CNN to

capture the most relevant information at a specific frequency
region with substantial variations. Specifically, channel atten-
tion helps themodel in determiningwhat information to focus
on, while spatial attention guides the model in learning where
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in the position that information is most relevant. In CNN,
different channels extract various features from the input sig-
nal, where some of these features may be more important for
specific tasks. Channel attention mechanisms dynamically
assign weights to channel that provide valuable information
for a task while suppressing less relevant channels. This
selective focus improves the feature representation, enabling
the model to adaptively highlight the most crucial aspects of
the input signal. To implement channel attention, we utilize
a 1D adaptive average pooling and 1D adaptive max pool-
ing operations to aggregate spatial information of a feature
map, as shown in Fig. 4. Then, the average pool feature and
max-pooled features are fed into a shared MLP network to
generate a final channel attention weight. This MLP network
consists of two 1D convolutional layers: the first layer with
16 filters of size 1×1 and ReLU activation function, followed
by the second layer with 256 filters of size 1× 1. After MLP,
the two types of features are combined pixel-wise and passed
through the sigmoid activation function.

Specifically, given a feature F ∈ RL×C , we first apply
1D adaptive average pooling and a 1D adaptive max pooling
along the signal length dimension to reduce each channel’s
time series data to a single descriptor and results are given
as (2).

f cavg =
1
L

L∑
l=1

F (l, c) (2a)

f cmax = max
1≤l≤L

F (l, c) (2b)

where f cavg ∈ RC and f cmax ∈ RC are the average and
maximum pooled descriptors for each channel across the
entire signal. The pooled descriptors are then passed through
a shared MLP consisting of two fully connected layers to
generate the channel attention. The output of the channel
attention map Mchannel ∈ RC with an attention weight for
each channel can be given as (3).

Mchannel (F) = σ
[
W2

{
ReLU

(
W1favg

)}
+W2 {ReLU (W1fmax)}] (3)

where W1 ∈ RC×C/r and W2 ∈ RC/r×C are weight metrics
of the MLP with a reduction ratio r . Similarly, σ is the
sigmoid function to constrain the values between 0 and 1.
Then the channel attention map is applied to the input signal
by element-wise multiplication, broadcasting the attention
weights across the temporal dimension as given in (4).

Fchannel_att = F ⊙Mchannel (4)

where Mchannel ∈ R1×C is extending along the length of the
signal L. Spatial attention emphasizes most relevant features
in the interesting frequency region to the prediction task,
enabling the model to focus on key spatial areas. This helps
the model identify where important information is located.
As illustrated in Fig. 4, average-pooling and max-pooling are
first applied along the channel axis, and their outputs are

FIGURE 6. Cross-validation procedure for generalizaton of model.

FIGURE 7. Flowchart of traning and validation procedures of proposed
attenation-based deep neural network.

concatenated to create a more informative feature descrip-
tor. A larger 7 × 7 filter is then used to capture broader
patterns in the input, allowing the model to learn more gener-
alized features, which enhances generalization performance
and reduces sensitivity to isolated noise. Similar to channel
attention, a Sigmoid activation function is utilized to produce
spatial attention weight. The spatial attention is computed by
applying both average pooling and max pooling across the
channel dimension C , creating two temporal descriptors as
given by (5).

FSavg =
1
C

C∑
c=1

Fchannel_att (l, c) (5a)

FSmax = max
1≤c≤C

Fchannel_att (l, c) , (5b)

where F savg ∈ RL and F smax ∈ RL represent the average and
maximum values across all channels for each signal. Next, the
average and maximum values are concatenated and passed
through a 1D convolution, and the resulting feature can be
written as (6).

FSconcat =

[
FSavg;F

S
max

]
∈ RL×2 (6)

This concatenated feature is passed through a 1D convolu-
tion with a kernel size of 7 to generate the spatial attention
map as follows:

Mspatial (F) = σ
{
Conv1D

(
FSconcat

)}
(7)
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The resulting spatial attention map provides an attention
weight for each element in the signal. Furthermore, the tem-
poral attention map is applied to the channel-attended feature
map by element-wise multiplication, broadcasting the atten-
tion weights across the channel dimension:

Fspatial_att = Fchannel_att ⊙Mspatial (8)

whereMspatial ∈ RL×1 is extending along the channel dimen-
sion.

Studies have shown that deep layers can learnmore relation
information between input and output [33], [34]. To deepen
the model and improve the performance, we employ residual
blocks in this work as shown in Fig. 5. As shown in Fig. 5,
the four 1D residual blocks are utilized where each block
contains two convolutional blocks. Each sub-block consists
of a convolution layer, batch normalization, and a ReLU acti-
vation function. The key point in residual blocks is using skip
connections (shortcuts) to ensure that gradient information
flows more effectively through the network during training,
leading to better updates for earlier layers. Furthermore, skip
connections provide flexibility to the network for choosing
whether to apply transformations or pass the input directly to
the next layer. This means that if certain transformations are
unnecessary, the network can essentially skip them, making
it more efficient. These characters are especially important in
deep architecture.

ii) Cross-validation and model ensemble

To improve the generalization and prediction accuracy of the
model, we incorporate the k-fold cross-validation technique
with the proposed attention-based deep neural network as
shown in Fig. 6. Cross-validation is a fundamental technique
for assessing how a model will generalize to an independent
dataset. It helps in validating the performance of model and
selecting the best model. Cross-validation is also crucial for
preventing overfitting and ensuring that the model performs
well on unseen data. In this work, the k-fold cross-validation
is introduced, which is a simple, but powerful technique. The
idea is to divide the training dataset into k-equal folds. The
model would be trained k times, each time using k-1 folds
for training and the remaining fold for validation. By rotating
through each fold as the validation set, every data point would
get a chance to be in the validation set once, ensuring a fair
and comprehensive evaluation. After training, k models will
be achieved. In the testing process, model ensemble technique
is employed to predict the high dimensional S-parameters.
The model ensemble combines multiple models to improve
overall performance. It aims to reduce variance, and bias,
and improve prediction accuracy by leveraging the strengths
of each model. Specifically, the predicted results from each
model are averaged to provide a final overall predicted result.

iii) Evaluation matrices

In this work, two types of evaluation matrices are utilized
to assess the effectiveness of the proposed model as described
follows:

1) ROOT MEAN SQUARED ERROR (RMSE)
The RMSE is a common metric used to evaluate the accuracy
of a regression model. It measures the average magnitude of
the errors between predicted and actual values, providing a
sense of how well the model predictions agree with the true
values. The expression for RMSE is given as follows:

RMSE =

√
1
n

∑n

i=1
(ŷi − yi)

2
, (9)

where n is the number of observations in the dataset, yi is
the ideal value for the ith observation and ŷi is the predicted
value. It should be noted that lower RMSE values indicate
that the predictions of model are closer to the actual values,
suggesting better accuracy.

2) R-SQUARED (R2)
R-squared is a statistical metric that measures the propor-
tion of the variance in the dependent variable (target) that
is explained by the independent variables (features) in a
regressionmodel. It provides insights into howwell themodel
captures the variability of the target variable. The expression
for R-squared is given by (10).

R2 = 1 −

∑n
i=1 (ŷi − yi)

2∑n
i=1 (ȳ−yi)

2 , (10)

where ȳ is the mean of the observed values. R2 ranges
from 0 to 1. The higher value R2 such as 1 represents that
the model perfectly predicts the dependent variable based on
the independent variables.

III. RESULTS AND DISCUSSION
For experimental validation, the proposed attention-based
deep neural network is applied to the high-dimensional
microwave modeling of four types of NR-BPF (i.e.
Example 1: third-order single-band NR-BPF, Example 2:
fourth-order single-band NR-BPF, Example 3: third-order
dual-band NR-BPF, Example 4: microstrip line third-order
single band NR-BPF). The goal of microwave modeling is to
predict S-parameters of NR-BPFs. In this work, we utilize the
Keysight Advanced Design System (ADS) simulator to gen-
erate training data sets. These data sets are created by using
32,500 uniformly distributed random samples, spanning a
frequency range of 1.5 GHz to 2.1 GHz with 350 points. The
total number of outputs is 2,800.

Because of the significant disparity in the input data,
it is essential to ensure effective learning and convergence
during the training of the deep learning model. Therefore,
it is crucial to appropriately normalize or scale the data.
In this work, a standardization normalization technique is
employed to ensure uniform scaling for both the input and
output data. To enhance the effectiveness of learning and
convergence during the training of the deep learning model,
we normalize input circuit parameters and corresponding
output S-parameters using the standardization normalization
technique, often referred to as z-score normalization where
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TABLE 1. Comparison of conventional deep learning models and proposed attention-based deep learning model for the third-order single-band NR-BPF
as example 1. (1: skip values compared to conventional deep learning models).

FIGURE 8. Circuit diagram of third-order single-band NR-BPF for high-dimensional microwave modeling
as example 1.

FIGURE 9. Comparison of results from various deep learning models and Keysight advanced system
design harmonic balance (ADS HB) method for third-order single-band NR-BPF as example 1.

the standardized feature X is given as (11).

Z =
X − µ

δ
, (11)

where Z is the standardized value of the feature X , µ is the
mean of the feature, and δ is the standard deviation of the
feature. This normalization technique ensures that features of
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TABLE 2. Comparison of conventional deep learning models and proposed attention-based deep learning model for the fourth-order single-band NR-BPF
as example 2. (1: skip values compared to conventional deep learning models).

FIGURE 10. Circuit diagram of fourth-order single-band NR-BPF for high-dimensional microwave modeling as example 2.

FIGURE 11. Comparison of results from various deep learning models and Keysight advanced system design
harmonic balance (ADS HB) method for fourth-order single-band NR-BPF as example 2.
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TABLE 3. Comparison of conventional deep learning models and proposed attention-based deep learning model for third-order dual-band NR-BPF as
example 3. (1: Skip values compared to conventional deep learning models.)

FIGURE 12. Circuit diagram of third-order dual-band NR-BPF for high-dimensional microwave modeling as
example 3.

the datasets have a mean of zero and a standard deviation of
one, ensuring consistent scaling for both training and valida-
tion data sets. This preserves the original distribution’s shape
and ensures that the data retains its statistical properties. This
technique enhances model performance by preventing fea-
tures with larger scales from dominating the learning process.

Fig. 7 shows the flow chart of training and validation
procedures of the proposed model. The adaptive moment
estimation (ADAM) optimization algorithm is employed to
update the network weights. During training of network, the
mean squared error (MSE) is utilized as the loss function.
To make the proposed model adaptable to various types
of NR-BPF structures, we used the same hyperparameters
for all four types of NR-BPF structures (Examples: 1, 2,
3, and 4). Since learning rate hyperparameter is crucial, there-
fore, adaptive optimizers such as ADAM is employed in this
work so that learning rate can adjust dynamically. If the loss
oscillates or diverges, the learning rate should be decreased.
Conversely, if loss is decreasing very slowly, then learning
rate should be increased.

The initial learning rate is set to 0.001. During the training
process, if there is no decrease in the validation loss value
after 5 epochs, the learning rate should be reduced by a factor
of 0.1. The batch size is set to 2000, and the number of
workers is set to 8 with one RTX 3090GPU (24GBmemory).
After 100 epochs, the proposed attention-based deep learning
model demonstrated effective convergence, indicating the

proposed model successfully learns from training data. Once
the model has been successfully trained, it can be used to
predict S-parameters of NR-BPFs.

A. EXAMPLE 1: MODELING OF THIRD-ORDER
SINGLE-BAND NR-BPF
In this first example, the proposed attention-based deep neu-
ral network is applied to the high-dimensional microwave
modeling of a third-order NR-BPF as shown in Fig. 8. The
inputs of model are the circuit parameter of NR-BPF, and
outputs of model are real and imaginary parts of S-parameters
at various frequency points as shown below.

• Input : [Ms1 M12 M23 M34 fm m 1ϕ BW ]T

• Output
[
RS11 · · · IS11 · · ·RS21 · · · IS21 · · ·

RS12 · · · IS12 · · ·RS22 · · · IS22 · · ·

]T
@various

frequency 350 points between 1.5 GHz and 2.1 GHz.

Once the model is successfully trained, we test the model
providing model input parameters and S-parameters are
extracted as model output. Table 1 demonstrates prediction
accuracy of the deep learning models for the third-order
single-band NR-BPF. For comparison purposes, we also
implemented deep MLP and conventional CNN using the
same datasets. The table clearly shows that the proposed
methodology significantly outperforms as compared to other
deep neural network methods such MLP and conventional
CNN. Notably, the proposed method exhibits superior perfor-
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FIGURE 13. Comparison of results from various deep learning models and Keysight advanced system
design harmonic balance (ADS HB) method for third-order dual-band NR-BPF as example 3.

FIGURE 14. (a) Physical layout of microstrip line third-order single-band NR-BPF as example 4 and
(b) photograph of fabricated microstrip line NR-BPF. Substrate: RT/Duroid 5880 with dielectric constant (εr)
of 2.2, thickness (H) of 0.787 mm, and loss tangent of 0.0009.

mances, particularly in the frequency Region 2. Fig. 9 shows
comparison of predicated S-parameters of third-order single-
band NR-BPF. In this figure, the S-parameters obtained from
various deep learning models are compared with the results
from HB method implemented in Keysight ADS simulator.
Thanks to the impact of the attention-based mechanism, the

proposed model achieves accurate prediction results, particu-
larly within the specific frequency range of 1.74 to 1.86 GHz
(Region 2), where the values change significantly. This indi-
cates that the attention mechanism effectively learns the most
useful relational information between input signals and out-
put parameters. The significance of the improvements can be

56230 VOLUME 13, 2025



G. Chaudhary et al.: Attention-Based Deep Neural Network for High-Dimensional Microwave Modeling

FIGURE 15. Comparison of results from various deep learning models with Keysight advanced system
design harmonic balance (ADS HB) method and measurement results for microstrip line NR-BPF as
example 4.

TABLE 4. comparison of conventional deep learning models and proposed attention-based deep learning model for microstrip line third-order NR-BPF as
example 4. (1: Skip values compared to conventional deep learning models.)

observed in S21 and S12 graphs, where the predicted results
from the proposed model closely match the true desired
values obtained from the HB method.

B. MODELING OF FOURTH-ORDER SINGLE-BAND NR-BPF
In this second example, the proposed attention-based deep
neural network is applied to predict the behavior of fourth-
order single-band NR-BPF as shown in Fig. 10. As like the
first example, the model’s inputs are the circuit parameter
of NR-BPF, and outputs are real and imaginary parts of
S-parameters at various frequency points as shown below.
As compared to the first example, the number of input param-
eters has increased from 8 to 9.

• Input : [Ms1 M12 M23 M34 M45 fm m 1ϕ BW ]T

• Output:
[
RS11 · · · IS11 · · ·RS21 · · · IS21 · · ·

RS12 · · · IS12 · · ·RS22 · · · IS22 · · ·

]T
@ vari-

ous frequency 350 points between 1.5 GHz and 2.1 GHz.

Table 2 demonstrates RMSE and R2 of the generated by
model of the fourth-order single-band NR-BPF. As seen from
this table, the proposed model predicts S-parameters with
better accuracy as compared to MLP and standard CNN.
As observed from Table, the proposed method achieved sig-
nificant improvements in model performance, particularly in
frequency Region 2. Fig. 11 shows the comparison between
the S-parameters computed from different deep neural net-
work models and ADS HB method. As seen from the figure,
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TABLE 5. Ablation study for impact of joint channel-spatial attention block and 1D residual block.

TABLE 6. Comparison of different deep neural network methods of high-dimensional NR-BPF modeling with distinct training data samples and different
testing cases.

the S-parameters predicted using the proposed model are
well-matched with the S-parameters obtained from the ADS
HB method. Although the results of |S11| and |S22| are well
matched for the threemodels, the significance of the improve-
ments can be observed in |S21| and |S12| in the case of the
proposed attention-based deep neural network model.

C. MODELING OF THIRD-ORDER DUAL-BAND NR-BPF
In this third example, the proposed attention-based deep
neural network was employed to predict behavior of the third-
order dual-band NR-BPF as shown in Fig. 12. As compared

to the examples 1 and 2, the input and output relationship
of predicting the behavior of third-order dual-band NR-BPF
is complex. In addition, the number of inputs of third-order
dual-band NR-BPF has increased to 20. The input and output
of the model are summarized as follows:

• Input:
[
Ms1 M12M23M34 Ms2M45 M56 M67 M11M22
M33 M44 fm m1ϕ BWf m1

m11ϕ1BW 1

]T
• Output:

[
RS11 · · · IS11 · · ·RS21 · · · IS21 · · ·

RS12 · · · IS12 · · ·RS22 · · · IS22 · · ·

]T
@ vari-

ous frequency 350 points between 0.8 GHz and 2.2 GHz.
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FIGURE 16. Illustration of reduction in RMSE of proposed attention-based deep neural network as compared to MLP and standard CNN
with distinct training data samples and different testing cases. Example 1: third-order single-band NR-BPF, Example 2: fourth-order
single-band NR-BPF, Example 3: third-order dual-band NR-BPF.

Table 3 shows the results of the prediction accuracy of
third-order dual-band NR-BPF that are obtained from dif-
ferent deep neural network models. As demonstrated in
the table, the proposed attention-based deep neural network
achieved lowest RMSE and highest R2 as compared to MLP
and the conventional CNN model. Notably, the proposed
attention-basedmethod achieved a 9.18% reduction in RMSE
and a 0.12% improvement in R2 compared to the deep MLP
method, a 2.83% reduction in RMSE and a 0.02% improve-
ment in R2 compared to the conventional CNN model.
Fig. 13 shows comparison of S-parameters results which
are computed from the proposed attention-based deep neural
network, MLP, conventional CNN, and ADS HB method.
As seen from the figure, the S-parameters predicted from the
proposed attention-based deep neural network agreed well
with desired S-parameters and better than MLP and conven-
tional CNNmethod as demonstrated in |S21| and |S12| graphs.

D. MODELING OF MICROSTRIP LINE THIRD-ORDER
SINGLE-BAND NR-BPF
To further evaluate effectiveness of the high-dimensional
microwave modeling of STM-based NR-BPFs, the proposed
attention-based deep learning model is applied to develop
parametric ANN model of microstrip line third-order single-
band NR-BPF as shown in Fig. 14 as example 4. The model
inputs are x = [Ws,Ls,W12,L12,WR1,LR1,WR2,LR2,Vdc,
fm,Vm, 1ϕ]T , which are widths and lengths of microstrip
line, dc-bias voltage of varactor, and modulation parameters
( i.e. fm, Vm, and 1ϕ) [13]. It should be noted that the widths
and lengths are defined in millimeter (mm), whereas Vdc and
Vm are in volts, fm is in MHz and 1ϕ is in degree. The
model outputs are real and imaginary parts of S-parameters
at various frequency points as described as follows:

• Output: y =

[
RS11 · · · IS11 · · ·RS21 · · · IS21 · · ·

RS12 · · · IS12 · · ·RS22 · · · IS22 · · ·

]T
@

various frequency 101 points between 1.4 GHz and
2.0 GHz.

The training and testing data are generated by using 3D-
electromagnetic (EM) simulation tool (i.e. ANSYS HFSS)
along with HB simulator (i.e. Keysight ADS) where input
and output relationships of microstrip line NR-BPF are

captured. Once deep learning model with an attention mech-
anism is trained with given data and tested with the input
i.e. x = [6.585, 21.4871, 21.4523, 3.3456, 1.8343, 30.4366,
0.3245, 30.6507, 3.5352, 112.0744, 0.9674, 53.2242], and
predicted S-parameters are extracted. For comparison pur-
poses, the performances of the proposed attention-based
deep learning model are compared with MLP and conven-
tional CNN model and results are summarized in Table 4.
As depicted in table, the proposed attention-based deep learn-
ing model achieved the lowest RMSE and highest R2 as
compared toMLP and conventional CNNmodel, demonstrat-
ing superior predictive accuracy.

Fig. 15 shows the S-parameters results which are com-
puted from different deep neural network models and ADS
HB method. In addition, the proposed model results are
also compared with measured S-parameters. The mea-
sured S-parameter results are extracted using Keysight
N5224A vector network analyzer. As seen from the figure,
the S-parameters predicted using the proposed model are
well-matched with the S-parameters obtained from the ADS
HB method as well as measured S-parameters.

E. ABLATION STUDY
To evaluate the impact of the joint channel-spatial attention
block and the 1D residual block in the proposed model, its
performance is compared against the baseline method and
results are shown in Table 5. As depicted in Table 5, both
the joint channel-spatial attention block and the 1D residual
block significantly reduce the RMSE value, highlighting their
individual contributions to enhancing performance. Notably,
when these components are used in combination, the model
consistently achieves the best performance across all exam-
ples, indicating that their synergistic integration enhances
the model’s ability to capture specific features and improve
predictive accuracy.

F. GENERALIZATION OF MODEL
To evaluate the generalization capability of the pro-
posed method, we maintained the same model structure
while generating distinct training data samples to train
the model across three different microwave circuits (i.e.,
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TABLE 7. Trade-off analysis between accurcy and computional efficiency.

Example 1: third-order single-band NR-BPF, Example 2:
fourth-order single-band NR-BPF, and Example 3: third-
order dual-band NR-BPF). Additionally, we prepared more
testing cases with different combination of circuit parame-
ters to further assess the performance of model and results
are shown in Table 6. As can be seen from the table, the
attention-based deep neural network achieved lowest RMSE
and highest R2 for all testing cases. Furthermore, the pro-
posed method demonstrated stable performance across all
three types of NR-BPFs, even with varying training data.
Specifically, the RMSE and R2 values remained consistent
with those obtained from previous datasets. As indicated in
the table, the proposed model shows no significant variation
in RMSE values across different cases for all three NR-BPFs.
In contrast, the MLP and CNN methods exhibited RMSE
large variations across different testing cases. The proposed
attention-based deep neural network model significantly out-
performed the other approaches, particularly in comparison to
the MLP method, showing substantial improvements. Fig. 16
shows the reduction of RMSE as compared to previous meth-
ods. As seen from the figures, it is clear that the proposed
model achieved a reduction in RMSE for various testing
cases as compared to previous methods. This improvement
is observed due to the better generalization of the proposed
attention-based method which leads to predicting the S-
parameters with smaller error.

To investigate the trade-off between computational effi-
ciency for different deep learning models, we computed
computational complexity by considering number of param-
eters (NOP), floating-point operations (FLOPS), training
time, and frame per second (FPS) in testing model and
results are summarized in Table 7. Although the proposed
attention-based model has more parameter as compared to
MLP and conventional CNN, the training time of the pro-
posed model does not increase significantly as well as it
predicts outputs in real time with high accuracy. Therefore,
a trade-off between computational complexity and prediction
efficiency is essential.

IV. CONCLUSION
This paper demonstrated a new attention-based deep neural
network technique for high-dimensional microwave model-
ing of spatio-temporal modulated non-reciprocal bandpass
filters. The proposed method uses joint channel-spatial
attention and residual connection for improving prediction
accuracy and generalization of high-dimensional modeling

of non-reciprocal bandpass filters. The prediction accuracy
is enhanced by employing the attention mechanism, which
emphasizes the most important features, and by the resid-
ual connection, which helps to prevent overfitting. The
effectiveness and generalization of the proposed method
are validated through four examples of high-dimensional
S-parameters extraction modeling for non-reciprocal band-
pass filters, utilizing various training data and testing sce-
narios. The experimental results indicate that the proposed
method achieved higher prediction accuracy with lower root
mean square error (RMSE) as compared to conventional
deep multilayer perceptron and convolutional neural net-
work models. Improvement in prediction accuracy is due to
the impact of an attention-based mechanism that effectively
learns the most useful relational information between input
signals and output parameters. In addition, the proposed work
provides novel insights into circuit design and analysis of
non-reciprocal microwave circuits.
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