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ABSTRACT This work proposes an automated configuration and sizing framework for a low-noise amplifier
(LNA) operating in the Ku-band. The methodology is based on the implementation of deep neural networks
(DNNs), specifically a bidirectional long short-term memory (BiLSTM) classifier and a BiLSTM regression
model, which are employed sequentially to first generate an appropriate LNA topology and subsequently
predict the optimal design parameters of the selected configuration. To further refine the design toward
multiple conflicting objectives, a multi-objective multiverse optimization (MOMVO) algorithm is integrated
into the workflow to balance key performance metrics such as noise figure, and gain. The overall process is
fully automated through the coordinated use of an electronic design automation (EDA) tool and a numerical
analysis environment, wherein the circuit topology is synthesized and simulated in the EDA platform, while
parameter optimization and decision-making are carried out in the numerical analyzer. This closed-loop
framework enables rapid convergence to high-performance solutions with minimal human intervention.
The practical effectiveness of the proposed methodology is validated by designing and optimizing an LNA
suitable for a Ku-band small satellite receiver, achieving a noise figure below 1.5 dBwhile satisfying gain and
stability constraints, thereby demonstrating the viability of deep learning–assisted automated radio frequency
circuit design.

INDEX TERMS Automated, bidirectional long short-termmemory (BiLSTM), deep neural network (DNN),
low noise amplifier (LNA), Ku-band, multi-objective multi-verse optimization (MOMVO).

I. INTRODUCTION
In the communication systems, low noise amplifiers (LNAs)
are the initial devices in satellite transponders that influence
on the overall performances of subsequent circuits [1]. The
main responsibility of the LNAs is to enhance the received
signal effectively to be able to be employed in diverse
processes [2]. The noise specification of any LNA can be
decreased by appropriately designing circuit topologies along
with considering biasing operations. Recently, behavioral
modeling with the help of artificial neural networks (ANNs)
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are developing results in determining relationships between
inputs and outputs of any device [3], [4], [5], [6], [7], [8].

In [9] a keyword spotting system is designed which
includes an LNA, and the skip-recurrent neural network
algorithm that is employed for minimizing the power
consumption. The time-domain convolutional neural network
(CNN) is presented in [3] which is sampling from the
used LNA and the trained ANN leads to adapt features for
various applications. For the human movement detection
includes the LNA design, in [10] two CNNs are employed
for learning features. With the help of these networks,
motion classifications are performed for the acceptable
accuracy. The deep neural network (DNN) structure is used
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in [11] for correcting the high signal distortions, and for
inherently robust to noise. In [12], a long-short term memory
(LSTM)-based DNN is employed for providing a relationship
between the envelope voltage and real angle-of-arrival. This
methodology leads to reduce the noise effects. In another
study, [13], the DNN is used for LNA circuits and for
estimating the proper orthogonal decomposition coefficients.
A Siamese-LSTM based network is presented in [14] for
modeling the LNA in which transient response is modeled.
The CNN model is executed in [15] for reducing noise in
the phase-sensitive optical time-domain reflectometry sys-
tems results in enhanced signal-to-noise ratio specification.
In [16], an automated analog radio frequency (RF) circuit
sizing methodology based on a cascade of shallow neural
networks (SNNs), targeting RF designs operating in the
2–5 GHz range is presented. Unlike conventional end-to-end
deep learning (DL) approaches, the method decomposes the
sizing task into a sequence of dedicated SNNs, where each
network predicts a single component value and constrains
the input space of the subsequent networks. This cascading
strategy effectively reduces the dimensionality of the solution
space at each step, enabling accurate learning from relatively
small training datasets and mitigating the issue of multiple,
often impractical, sizing solutions. In another study, [17],
an ultra-low-power voice activity detector that integrates
analog signal processing with a digital DNN for efficient
speech/non-speech classification is presented. The system
performs acoustic feature extraction directly in the analog
domain at the microphone output using newly designed
circuits, including the LNA, bandpass filter, and full-wave
rectifier, followed by approximate event-driven analog-to-
digital conversion. A three-hidden-layer binarized multilayer
perceptron is employed for classification, significantly reduc-
ing digital power consumption. In [18], an end-to-end DL
framework for multi-pair two-way massive multiple-input
multiple-output systems in the presence of nonlinear power
amplifier (PA) impairments is investigated. An analytical
study of symbol error rate performance over block-fading
Rayleigh channels, deriving closed-form expressions that
quantify the impact of PA nonlinearity on system reliability
is presented. To mitigate PA distortion and multiuser
interference, a two-stage precoding strategy is adopted at
the relay: a neural network–based transmitter compensates
for the PA nonlinearity, followed by a linear zero-forcing
precoder to suppress inter-user interference.

This paper presents a two-stage automated methodology
for the LNA design, in which the constituent steps are
executed sequentially. In the first stage, the optimal LNA
configuration is predicted using a classification bidirectional
long short-term memory (BiLSTM)–based DNN, which
determines the most suitable circuit topology based on the
targeted performance specifications. In the second stage,
a regression BiLSTM-based DNN is employed to predict the
optimal geometric parameters associated with the selected
configuration. For the adopted active device, namely a
heterojunction field-effect transistor (FET), the complete

LNA topology, including the sizing of the input and output
matching networks (MNs), is synthesized automatically,
culminating in the generation of a ready-to-fabricate layout
at the final stage of the design flow.

The employed optimization algorithm is themulti-objective
multiverse optimization (MOMVO) technique, which is
selected due to its strong capability to converge toward
globally optimal solutions in a multi-objective search
space [19]. TheMOMVOalgorithm enables the simultaneous
optimization of multiple conflicting performance metrics,
such as noise figure (NF), gain, and stability, thereby
ensuring a balanced trade-off among key design objectives.
The entire optimization process is executed in a fully
automated manner through the tight integration of an
electronic design automation (EDA) tool and a numerical
analysis environment, wherein circuit generation, simulation,
and iterative optimization are performed in a closed-loop
framework. The effectiveness of the proposed method is
validated by designing and optimizing an LNA operating
in the Ku-band, with simulation results demonstrating
that the achieved performance satisfies stringent noise
and gain requirements, thereby confirming the robustness
and practicality of the proposed DL–assisted RF design
methodology.

This paper is organized as follows: Section II presents
the overall methodology used for designing and optimizing
an LNA with the help of BiLSTM-based DNNs. Section III
explains the simulations results of optimized LNA operating
from 12.58 GHz to 13.4 GHz. Finally, Section IV concludes
this work.

II. PROPOSED OPTIMIZATION METHOD BASED ON DNNs
A BiLSTM is an advanced recurrent neural network that
processes a sequence in both forward and backward direc-
tions [20], [21], [22]. The BiLSTM-based layers are used
for learning from the complete time series. Here, this type
of layers is employed since the outcomes of LNA are in
sequence of frequency. With this type of layer, the current
output can depend on the past outcome along with capturing
long-term dependencies. Hence, each time step can consider
the past and future contexts all together. This type of layer
will find great solutions for nonlinearity and memory effects
concepts which are existing in the amplifier design. With
respect to these novelties, the BiLSTM-based layers are used
in this work.

The proposed methodology incorporates two BiLSTM–
based DNNs that operate sequentially to automate the
LNA design process. In the first stage, a BiLSTM-based
classification network is utilized to identify the most suitable
LNA configuration from a predefined set of candidate
topologies, taking into account the targeted performance
specifications and design constraints. In the second stage,
a BiLSTM-based regression network is employed to predict
the optimal geometric values of the circuit components used
in both the front-end and back-end MNs, thereby enabling
precise control over impedance matching and overall RF
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performance. The first phase relies on classification-based
predictive modeling, whereas the second phase adopts
regression-based predictive modeling to map high-level
specifications. For accurately modeling the LNA, a suitable
amount of data set involves training, validation and test
data sets are needed. For this case, the geometric values of
employed elements are altered randomly within the various
ranges of ∓5%, ∓10%, ∓15%, ∓20%, and ∓25%. The
generated data set is split into three groups of training,
validation, and testing data with the rates of 70%, 15%, 15%,
respectively.

This section is devoted to presenting the methodologies
employed for constructing and training these networks,
including the formulation of the input feature space, the
definition of output labels and regression targets, and the
selection of appropriate network architectures and hyperpa-
rameters. Furthermore, the proposed framework integrates
electromagnetic (EM)–verified design variables into the
learning process to ensure that the predicted component
geometries are physically realizable and consistent with
post-layout parasitic effects. By coupling data-driven mod-
eling with EM-aware parameterization, the methodology
enables simultaneous optimization of the LNA structure
and its associated design variables, thereby improving
design accuracy, reducing iteration time, and enhancing the
robustness of the synthesized solutions against fabrication
and layout-induced variations.

A. CLASSIFICATION PREDICTIVE MODELING WITH
BiLSTM-BASED DNN
One of the most significant challenges in the design and opti-
mization of RF amplifiers is the generation of an appropriate
initial configuration for theMNs, as this choice has a decisive
impact on achievable NF, gain, and stability. Consequently,
the first problem of interest in the proposed framework is the
accurate prediction of the optimal MN structure. To address
this issue, the simplified real frequency technique (SRFT)
[23] is first employed to systematically generate a diverse set
of candidate MN topologies. In this method, the numerator
polynomial defined as h(λ) = h1λm + h2λ(m−1)

+ . . . +

hm + 1 plays a central role in producing multiple MN
realizations, such as 1× m networks for all m ≥ 3. The
initial coefficient matrix is given by h0 = [∓1 0], which
serves as the starting point for the recursive generation of
admissible network structures. By applying the SRFTmethod
to the provided S-parameter data of the employed transistor,
namely S11, S22, and S21 a family of MN configurations
corresponding to different values of ‘m’ is obtained. These
configurations represent alternative realizations of input and
output MNs. To this end, a classification BiLSTM-based
DNN is constructed, comprising an input layer, multiple hid-
den layers, and a fully connected output layer, as illustrated
in Figure 1. The output layer produces categorical labels
’1’,’2’,. . . ,’m’, corresponding to the respective MN models,
thereby enabling data-driven selection of the optimal network

structure based on the targeted performance specifications.
This classification-driven structural prediction stage effec-
tively reduces the combinatorial search space of feasible
MN configurations and provides a robust initialization
for the subsequent regression-based parameter optimization
stage. By coupling SRFT-based topology synthesis with
BiLSTM-based classification DNN, the proposed framework
leverages both classical network theory and modern DL to
automate the early design phase, improve convergence speed,
and enhance the overall reliability of the LNA synthesis
process.

In order to effectively train the proposed classification
DNN, a sufficiently large and representative dataset must
be prepared. For this purpose, the nominal design values
corresponding to the various MN models generated through
the SRFT method are systematically tuned via random
iterative sampling to collect diverse training instances. This
randomized exploration of the design space enables the
generation of input–output pairs that capture variations
in circuit behavior across different configurations, thereby
improving the generalization capability of the learning
model. Each training sample is labeled according to the
associated MN topology index ‘m’, which serves as the
categorical target for the classification task.

For this DNN configuration, a softmax layer is employed
as the activation function in the output layer to produce
normalized class probabilities over the candidate config-
urations, while the cross-entropy loss function is used to
quantify the discrepancy between the predicted and true
class labels during training. After generating a suitable
amount of labeled data and defining the activation with
loss functions, the hidden-layer architecture is determined
through a progressive model-complexity search. Specifically,
the number of neurons in each layer and the number of
stacked BiLSTM layers are gradually increased to enhance
the representational capacity of the network. This architecture
exploration is implemented using a MATLAB ‘‘for-loop’’
routine that iteratively trains multiple candidate models and
evaluates their classification accuracy on a validation dataset.
The process is terminated once a sufficiently high and
stable accuracy is achieved, thereby yielding an optimized
network architecture that balances prediction performance
and computational complexity.

This systematic data-generation and architecture-tuning
strategy ensures that the trained BiLSTM classifier can reli-
ably discriminate among alternative MN topologies, provid-
ing a robust foundation for the subsequent regression-based
stage of the automated LNA design framework.

After completing the training phase of the classification
DNN, the recommended data corresponding to the employed
transistor are fed into the constructed network as input
features. The trained DNN then produces a probability
distribution over the possible class labels at the output
layer, with each probability reflecting the network’s con-
fidence in a particular MN configuration. Among the set
of candidate models, the label associated with the highest
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predicted probability is selected as the optimal configuration
and is designated as the winner structure for subsequent
stages of the design flow. Moreover, by leveraging the
learned nonlinear mapping between transistor character-
istics, frequency specifications, and MN structures, the
proposed classifier effectively reduces the dependence on
exhaustive simulation-based topology searches. The selected
winner structure is subsequently passed to the regression
BiLSTM-based DNN and the multi-objective optimization
module, where fine-grained geometric parameter tuning
and performance trade-off optimization are carried out.
This hierarchical selection-and-refinement strategy ensures
a coherent transition from data-driven structural prediction
to physics-aware parameter optimization, thereby enhancing
both the efficiency and reliability of the overall automated
LNA synthesis framework.

FIGURE 1. Classification BiLSTM-based DNN for predicting the optimal
configuration for the LNA design.

B. REGRESSION PREDICTIVE MODELING WITH
BiLSTM-BASED DNN
After predicting the optimal configuration, the next stage
focuses on obtaining the optimal geometric values through
the combined use of a regression-based DNN and the
MOMVO algorithm, as illustrated in Figure 2. In this stage,
the regression BiLSTM-based DNN serves as a fast surrogate
model that captures the nonlinear mapping between the
physical design parameters and the corresponding RF perfor-
mance metrics. The input layer of the network represents the
width (‘W’) and length (‘L’) of the transmission lines (TLs)
employed in the selectedMN topology, while the output layer
is dedicated to predicting the key circuit responses, namely
the S-parameters (S11, S12, S21) along with the NF. This
formulation enables the network to directly link geometric
design variables to critical performance indicators that govern
LNA behavior. The nominated specifications are subse-
quently optimized through the MOMVO algorithm, which
is well suited for multi-objective optimization problems due

FIGURE 2. Regression BiLSTM-based DNN for estimating the optimal
geometric values of selected topology predicted by classification DNN.

FIGURE 3. Accuracy of the trained classification BiLSTM-based DNN.

FIGURE 4. Various models (donated as ‘M’) generated by the SRFT model
and the probability estimated by the classification DNN as the confusion
matrix for each model.

to its strong global search capability and its effectiveness
in improving the coverage and diversity of Pareto-optimal
solutions. By simultaneously considering multiple conflict-
ing objectives—such as minimizing NF and input reflection
while maximizing gain—theMOMVO-driven search process
refines the DNN-predicted design parameters toward bal-
anced, high-performance solutions. In this hybrid framework,
the regression DNN accelerates performance evaluation,
while MOMVO guides the exploration of the design space,
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FIGURE 5. Optimized LNA through the proposed methodologies.

thereby significantly reducing the computational burden
associated with circuit-level simulations.

For this regression network, the rectified linear unit
(ReLU) function is employed as the activation function in the
hidden layers to enhance nonlinear modeling capability and
mitigate vanishing-gradient issues, while the mean squared
error (MSE) is adopted as the loss function to quantify the
discrepancy between predicted and target performance met-
rics during training. A sufficiently large and diverse training
dataset is generated by randomly iterating the TL component
values within variation ranges of 5%, 10%, and 15% around
their nominal values. This controlled strategy ensures that
the training samples adequately span the local design space,
improves the robustness of the learned regression model
against fabrication tolerances, and enhances its generaliza-
tion capability for unseen design instances. By integrating
regression-based DL with MOMVO-driven multi-objective
optimization, the proposed framework enables efficient
and accurate prediction of optimal geometric parameters,
providing a seamless transition from topology selection to
fine-grained circuit sizing in the automated LNA design flow.

III. PRACTICAL EXECUTION OF VARIOUS DNNs WITH
THE SIMULATION RESULTS
As discussed in the preceding sections, the proposed
methodology is fully automated through the tight integration
of NI AWR Design Environment with MATLAB, wherein
the LNA circuit is synthesized and simulated in the AWR
tool, and the corresponding performance data are program-
matically extracted and processed in MATLAB to enable the
deployment of the proposed DL and optimization algorithms.
In this co-simulation framework, MATLAB serves as the
numerical analyzer that manages data generation, DNN
training, topology prediction, and multi-objective optimiza-
tion implementation, while NI AWR provides accurate
circuit-level and EM simulation capabilities for performance

FIGURE 6. Accuracy of trained regression BiLSTM-based DNN.

FIGURE 7. Consumption time of LNA design with various types of NN.

verification. This bidirectional communication between the
two platforms establishes a closed-loop design flow that
minimizes manual intervention and significantly accelerates
the overall synthesis process.

All computational tasks are executed on a workstation
equipped with an Intel Core i7-4790 CPU operating at
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TABLE 1. Values of LNA structure presented in Figure 5 for before and after optimization;W /L is in mm, capacitors (c) are in PF and resistors (R) are in �

units.

FIGURE 8. Performance comparison by the utilization of LSTM hidden
layers versus BiLSTM hidden layers with various optimization methods;
classification DNN (top), and regression DNN (bottom).

3.60 GHz and 32.0 GB of RAM, which ensures sufficient
processing power for iterative DNN training, large-scale
data handling, and repeated optimization cycles. Using
the proposed automated framework, the LNA operating
in the Ku-band is successfully designed and optimized,

FIGURE 9. Layout of fabricated LNA.

FIGURE 10. Simulated (Sim) and measurement (Meas) S-parameter
performances of optimized LNA.

ultimately resulting in a ready-to-fabricate layout. These
results demonstrate the practical feasibility and robustness of
the proposed DL–assisted LNA design methodology, as well
as its potential to streamline RF front-end development for
high-frequency satellite communication applications.

As the first step of the proposed design flow, the NEC
NE3511S02 heterojunction field-effect transistor (HJ-FET)
is selected as the active device for designing the LNA circuit
operating in the Ku-band [24]. This transistor is chosen due
to its favorable high-frequency characteristics and low-noise
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TABLE 2. Summary of various reported ML techniques in the literature.

FIGURE 11. NF specification of optimized LNA.

performance, which make it suitable for satellite receiver
front-end applications. The S-parameter specifications of the
device are provided as inputs to the simplified real frequency
technique (SRFT), resulting in the systematic generation of
16 different MN configurations. Each of these configurations
represents a different candidate topology for the input and
output MNs of the LNA.

For each of the 16 generated structures, random iter-
ative tuning is performed and corresponding S-parameter
responses are arranged, thereby creating a diverse dataset

for training the classification network. Through this process,
a total of 16 × 100 =1600 sequential data samples as multi-
segment data are generated, where each sample comprises
a set of input features derived from the circuit parameters
and the associated performance metrics. The output response
of each data sample is categorized into one of m=16 class
labels, corresponding to the respective SRFT-generated MN
configurations. Figure 3 illustrates the classification accuracy
of the trained BiLSTM-based DNN as a function of network
complexity. It is observed that the optimal performance is
achieved with a hidden-layer configuration consisting of five
BiLSTM layers and 170 neurons per layer, at which point the
classification accuracy reaches 98.2%. This result indicates
that the proposed network architecture is capable of reliably
discriminating among alternativeMN topologies based on the
transistor characteristics and circuit response data.

As shown in Figure 4, the SRFT method generates
16 different candidate models for the selected transistor,
and the trained classification DNN predicts that the 16th
model, depicted in Figure 5, has the highest posterior
probability of fitting the characteristics of the employed HJ-
FET. Consequently, this model is selected as the optimal
LNA configuration and is forwarded to the subsequent
regression and multi-objective optimization stages. This
data-driven selection of the winner structure effectively
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eliminates the need for exhaustive topology-level simulations
and provides a robust initialization point for fine-grained
geometric optimization in the later phases of the proposed
automated LNA design framework.

After predicting the optimal structure, a regression
BiLSTM-based DNN is constructed to optimize the com-
ponent values associated with the selected LNA topology
shown in Figure 5. For this chosen configuration, the ‘W’
and ‘L’ of the TLs are systematically varied to generate a
comprehensive training dataset. In total, 2500 data samples
are prepared by randomly iterating the TL geometrical
parameters within predefined bounds, and the corresponding
circuit responses are obtained through simulations. This
dataset is subsequently used to train the regression DNN
to learn the nonlinear mapping between the physical design
variables and the resulting RF performance metrics.

During the training and optimization process, theMOMVO
algorithm is integrated at the output stage to guide the search
toward globally optimal solutions that simultaneously satisfy
multiple performance objectives. In particular, the MOMVO
is employed to refine the DNN-predicted parameters so as to
optimize the overall LNA performance in terms of key figures
of merit, including the S-parameters and the NF specification.
This hybrid DNN–MOMVO framework enables efficient
exploration of the continuous design space while avoiding
the computational overhead associated with exhaustive
simulations. Figure 6 illustrates the prediction accuracy
of the constructed regression DNN for different network
configurations. It is observed that when the number of hidden
layers is set to four and each layer consists of 150 neurons,
the network achieves its best performance, yielding a root
mean square error (RMSE) of 0.89. This result indicates
that the selected network architecture provides an effective
trade-off between modeling accuracy and computational
complexity. With the aid of this trained regression model, the
optimal design parameters of the LNA are obtained and are
summarized in Tab. 1. Figure 7 describes the effectiveness
of the BiLSTM-based DNN with the multi-objective method
in minimizing the design consumption time. This figure
presents the comparison with various neural networks (NNs)
such as multilayer perceptron (MLP), CNN, and LSTM-
based NNs. From another point of view for proving the
effectiveness of the BiLSTM structure, a comparison between
the utilization of LSTM versus BiLSTM-based hidden layers
are executed in Fig. 8 with various optimization methods
such as genetic algorithm (GA), particle swarm optimization
(PSO), whale optimization algorithm (WOA), and thompson
sampling efficient multiobjective optimization (TSEMO)
[25]. As it is obvious for the two different models of
classification and regression networks, the BiLSTM-based
configurations result in more improved performances.

For the physical realization of the optimized LNA,
a Rogers RO3003 substrate with a thickness of 0.76 mm
is employed due to its low dielectric loss and suitability
for high-frequency Ku-band applications. The amplifier is
biased at 2 V and 10 mA, ensuring stable operation within

the desired region of the selected HJ-FET device. These
implementation details, together with the DNN–MOMVO-
optimized component values, demonstrate the practical
feasibility of the proposed automated sizingmethodology and
its effectiveness in delivering a ready-to-fabricate Ku-band
LNA design.

The fabricated layout of optimized LNA is presented
in Figu. 9. Figures 10 and 11 present the simulated
along with the measurement performance outcomes of the
optimized LNA obtained through the proposed DL–assisted
design framework. As shown in Figure 10, the optimized
LNA exhibits satisfactory impedance matching and gain
characteristics over the frequency range from 12.58 GHz to
13.49 GHz, which effectively covers the targeted Ku-band
operating region. Within this band, the input reflection
coefficient (S11) remains below the commonly accepted
−10 dB threshold, indicating good input matching, while the
forward transmission coefficient (S21), demonstrates stable
and sufficiently high gain across the bandwidth. At the
same time, the reverse isolation (S12) is maintained at a low
level, confirming the stability and unilateral behavior of the
amplifier.

Figure 11 illustrates the corresponding noise performance
of the optimized design, where the NF remains below 1 dB
throughout the operating band. This ultra-low noise perfor-
mance highlights the effectiveness of the proposed regression
DNN–MOMVO optimization strategy in accurately tuning
the MNs to achieve near-optimal noise matching conditions.
The simultaneous satisfaction of stringent noise and gain
specifications demonstrates that the proposed methodology
is capable of balancing multiple conflicting objectives. These
results collectively confirm that the optimized LNA meets
the key performance requirements for Ku-band small-satellite
receiver front-end applications. Additionally to underline the
novelty of the proposed method, Tab. 2 is presented.

IV. CONCLUSION
In this work, a DNN–based framework employing BiLSTM
hidden layers for the automated design and optimization of
the LNA is presented. The entiremethodology is executed in a
fully automated manner, minimizing manual intervention and
significantly reducing design iteration time. The proposed
approach is structured into twomain phases: (i) the prediction
of the optimal MN configuration and (ii) the estimation
and optimization of the corresponding geometric design
parameters. In the first phase, a classification DNN is
employed to identify the optimumMN topology that best fits
the characteristics of the selected transistor, primarily based
on its S-parameter behavior. In the second phase, a regression
DNN is utilized to optimize the widths and lengths of the
TLs, and its predictions are further refined through the
MOMVO algorithm. This hybrid regression–optimization
strategy enables the simultaneous enhancement of key RF
performance metrics, including S-parameters and NF, while
maintaining a balanced trade-off among conflicting design
objectives. By integrating EM–verified design variables and
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multi-objective optimization into the learning framework,
the proposed method ensures that the synthesized solutions
are both physically realizable and performance-optimal. The
presented framework is flexible and scalable, allowing it to be
adapted to different transistor technologies, frequency bands,
and performance specifications. It substantially reduces
the dependency on designers’ empirical experience and
domain-specific heuristics through a closed-loop interaction
between the EDA environment and the numerical analyzer.
The effectiveness and practical feasibility of the proposed
methodology are verified by designing and optimizing
an LNA operating in the Ku-band frequency range, with
simulation results demonstrating compliance with stringent
noise and gain requirements. These outcomes confirm that
DL–assisted automation represents a promising paradigm
for next-generation RF front-end design, particularly for
high-frequency and multi-objective optimization scenarios.
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