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Abstract. This paper presents a fully automated machine learning framework
for generating high-complexity, free-form planar antenna designs conditioned
on a specified operational frequency range. The proposed system eliminates
human engineer bias by combining generative and predictive neural networks
into an end-to-end antenna design pipeline. Its core component is a conditional
variational autoencoder (CVAE) that produces pseudorandom yet physically
feasible antenna geometries guided by frequency-band labels. Three latent-
space sampling strategies—posterior, linear interpolation, and convex interpola-
tion—are explored to balance design diversity and conditional consistency.
Auxiliary models implemented as multilayer perceptrons (MLPs) and a convo-
lutional neural network (CNN) perform iterative verification of generated struc-
tures, including viability detection, label classification, and reflection response
estimation, without the need for costly full-wave electromagnetic simulations.
The framework is trained and validated using two large-scale datasets of pseu-
do-random antennas—1DDesign-to-Label-1.8.3 and 1DDesign-to-Response-
2.8—comprising a total of over 320,000 geometries with corresponding per-
formance labels and reflection responses. Experimental validation using inde-
pendent CST Microwave Studio simulations demonstrates that the best model
achieves an exact-match accuracy of 0.634, a relaxed-match accuracy of 0.769,
a macro-average accuracy of 0.947, and a macro-average F1 score of 0.756.
The average generation and verification time per design is 0.703 s. The pro-
posed approach enables rapid, bias-free antenna design exploration and candi-
date preselection, significantly reducing design time as well as dependence on
expert knowledge and EM computation. The framework’s modular structure al-
lows further enhancement, making it a versatile foundation for next-generation
computer-aided antenna engineering.

Keywords: Machine Learning; Conditional Variational Autoencoder; Neural
Networks; Antenna Design Generation; Automated Antenna Engineering.
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1 Introduction

Wireless communication enables the exchange of information through electromagnet-
ic waves and forms the basis modern communication technologies. Consequently,
antenna design remains a critical research area, especially under modern requirements
of miniaturization, multiband operation, and frequency reconfigurability.

Conventional antenna design is an iterative, experience-driven process comprising
substrate selection, geometry formulation, and parametric tuning. Although effective,
this approach is limited by engineering bias—the designer’s reliance on familiar
shapes and heuristics developed through experience [1, 2]. Such bias constrains topo-
logical diversity and may overlook unconventional yet high-performance geometries.

Automation has emerged to mitigate bias and accelerate development. Optimiza-
tion-based design enables antenna topologies to evolve from performance specifica-
tions rather than predefined forms [3-6]. Yet, despite their flexibility, these algo-
rithms often incur high computational costs due to numerous electromagnetic (EM)
simulations. This motivates the search for data-efficient strategies for early-stage
antenna geometry exploration, where maintaining diversity and feasibility is crucial.

Such automation demands free-form geometric representations, modeled in two
ways [4-6]: as assemblies of primitive shapes [7—10] or as sets of coordinate points
[11-14]. The shape-based approach uses binary matrices to define conductive ele-
ments, while the point-based approach connects nodes via lines or splines. In both
cases, free-form designs require many parameters for topological flexibility, causing
high computational cost from EM simulations. Their multimodal nature makes simu-
lation-driven optimization, such as population-based metaheuristics, impractical [11,
12, 15, 16]. Surrogate-assisted search can reduce this cost [11, 17], but relies on good
initial designs, highlighting the need for automated, bias-free generation [18-21].

Machine learning (ML) enables data-driven modeling and optimization across do-
mains, including cybersecurity [22—24], 5G management [25-27], and antenna design
[28, 29]. Recent studies show that ML can predict antenna behavior, aid shape syn-
thesis, and support optimization. Yet, most methods refine predefined or parametric
designs, offering limited support for early-stage exploration. Hence, there is a need
for ML-based tools that can identify promising antenna topologies from scratch.

The goal of this research is to develop a fully automated ML framework for gener-
ating high-complexity free-form planar antenna designs tailored to a target operation-
al frequency range. The system integrates generative, classification, and regression
models to create and verify feasible designs without dependence on expert knowledge
or repetitive EM simulations, providing initial geometries for subsequent optimiza-
tion. The main contributions include: (1) an end-to-end ML-based framework for
automated free-form antenna design; (2) a conditional variational autoencoder
(CVAE) for label-driven geometry synthesis; (3) the integration of auxiliary ML
models for iterative verification; and (4) a comprehensive performance assessment.

Section 2 reviews related work. Section 3 outlines the methodology. Section 4 de-
scribes the datasets. Sections 5-9 detail the components of the framework: latent
sampling, design generator, viability detector, label classifier, and response estimator.
Section 10 presents results, and Section 11 concludes.
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2 Related Work

No prior work presents an ML-based method for automatic and conditioned genera-
tion of complex free-form antenna designs, without expert knowledge or EM simula-
tions. Related studies address (1) parameter synthesis, (2) resonant frequency predic-
tion, (3) reflection estimation, (4) antenna classification.

In the parameter synthesis group, work [30] introduced a synthesis framework that
first classifies antenna type based on desired electromagnetic characteristics and then
predicts geometry using ensemble learning. Research [31] followed a similar concept,
combining decision tree classification with fuzzy inference for geometric prediction.
These methods are limited to predefined low-complexity antennas, constraining de-
sign exploration and preventing discovery of unconventional geometries.

In the resonant frequency prediction group, study [9] used a convolutional neural
network (CNN) to predict frequencies of pixelated microstrip antennas from binary
geometry matrices, enabling more complex shapes yet limited to dual-band designs.
Research [32] introduced a semi-supervised co-training approach combining Gaussian
processes and support vector machines (SVM) to predict resonant frequencies and
reflection responses from few samples, but limited to simple antennas. Work [33]
used a CNN on binary-encoded geometric data of rectangular antennas, aiming for a
surrogate model yet relying on symbolic rather than spatial input.

In the reflection response estimation group, study [34] used a progressive Gaussian
process to model |Sy;| for simple monopoles, producing pointwise predictions over
multiple frequencies with iterative sample selection, yet the study remained limited to
low-complexity antennas and small datasets. Work [35] combined CNN and particle
swarm optimization to predict reflection samples of pixelated antennas, achieving
higher complexity but relying on visual validation rather than quantitative metrics.

In the antenna classification group, study [36] uses deep CNNs, such as LeNet and
ResNet, for selecting optimal receive antennas in multiple-input multiple-output
(MIMO) systems to maximize channel capacity while reducing computational com-
plexity. The CNN takes a normalized channel matrix as input and outputs a class label
corresponding to the best antenna subset. Accuracy measures how often the CNN
selects the optimal set. Research [37] classifies randomly generated microstrip anten-
nas by potential operational frequency ranges using multi-label classification, without
EM simulations or expert knowledge. The model predicts which of the ten sub-bands
meet reflection and bandwidth criteria, allowing antennas to belong to multiple clas-
ses, and is compatible with the approach proposed here.

3 Methodology

Fig.1. shows the proposed pseudorandom microstrip antenna generator. The goal is to
fully automate antenna design, eliminating human bias and yielding candidates for
further tuning. The generated topology is constrained to operate within a target fre-
quency range. A design qualifies as a candidate if, within this range, the reflection
coefficient is below 0z = —3 dB, and the relative bandwidth exceeds 0,y = 0.1.
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Fig. 1. Overall workflow of the proposed antenna design generator.

The input is a 10-bit condition vector B=[bye{0,1}], b=1,...,10, where bg=1 de-
notes antenna operation in the g-th 0.5 GHz sub-band within 3-8 GHz. The output is a
103-element design vector D®%=[q,q,,qy,Vx,V,], Where a€(24,36) is a scaling factor,
Ox, gy are feed point coordinates, and vy, vy are coordinates of 50 vertices (€<—1,+1>).
The physical dimensions (mm) are obtained by scaling: o-[vy,v,] and o-[0y,0y].

The overall generation and verification process consists of the following steps:

1. Latent space sampling. A latent vector is sampled from the CVAE latent
space—a compact numerical representation of antenna designs, where geomet-
ric and EM relationships are encoded in a lower dimension. Operating in this
space enables efficient exploration of the design domain, interpolation be-
tween known solutions, and generation of novel yet valid geometries. The la-
tent sample is obtained to match the specified bandwidth labels (Section 5).

2. Design generation. The target bandwidth labels and the latent sample are fed
into the Label-to-Design model (Section 6). This generative model uses only
the CVAE decoder to produce a pseudorandom antenna design that approxi-
mately satisfies the specified condition. The output is a not-yet-evaluated
structure requiring further assessment.

3. Geometry check. The generated design is verified to be a simple polygon, i.e.
edges intersect only at endpoints, forming overlap-free surface. This property
is crucial for planar antennas, as self-intersecting shapes are unrealizable and
yield invalid simulations. If a design fails the check, the process restarts.
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4. Viability check. The design is evaluated using the Design-to-Viability model
(Section 7), which performs binary classification to determine if it can operate
in any 3-8 GHz sub-band. If a design is non-viable, the process restarts.

5. Label consistency check. The design is evaluated by the Design-to-Label
model performing multi-label classification. The model outputs predicted
bandwidth labels (Section 8). If the predicted labels do not match the input
condition, the design is rejected and the process restarts.

6. Reflection response check. The design is evaluated by the Design-to-
Response regression model, which predicts the full reflection response without
EM simulation (Section 9). If the predicted response does not satisfy the target
bandwidth condition, the process restarts; else, it is accepted as the output.

The above procedure constitutes a multi-stage evaluation mechanism, a key dis-
tinction from [37]. Instead of relying on a single classifier, the proposed framework
uses a hierarchical verification pipeline combining geometric validation, binary via-
bility detection, multi-label classification, and regression-based response estimation.
Stages 36 act as a rejection filters, ensuring that only designs satisfying increasingly
strict criteria are accepted. The models in these steps serve as fast surrogate filters
guiding the generation process, not as final evaluators. Actual performance of gener-
ated designs is verified with full-wave EM simulations as ground truth (Section 10).

4 Datasets

The datasets used in this work consist of pseudo-randomly generated antenna designs.
The term pseudorandom refers to a constrained random generation process used to
construct antenna geometries. Radial distances and angular increments are sampled
randomly within predefined ranges and further processed to enforce structural con-
straints. In particular, angular coordinates are accumulated and normalized to span the
full 02 interval, ensuring an ordered contour and preventing self-intersections. This
guarantees that each shape forms a continuous, closed loop without internal holes.
The feed point is randomly assigned within the contour. The generated geometries are
random in their local variations but globally structured, yielding physically valid an-
tenna outlines. The geometry is then transformed into Cartesian coordinates.

The first dataset, 1Ddesign-to-Label-1.8.3 [38], contains 106,351 pseudorandom
antenna designs labeled by which of the ten 0.5 GHz sub-bands within the 3-8 GHz
satisfy both conditions (reflection coefficient < 8, relative bandwidth > 6), indicat-
ing suitability for further optimization. An example is shown in Fig. 2. The dataset
also includes 105,000 unlabeled designs that do not meet the criteria in any sub-band.
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Fig. 2. Example of an antenna design with the corresponding reflection response and labels.

In the 1Ddesign-to-Label-1.8.3 dataset, each design is a 103-element vector:
D%)=[0,,qy,0y,Vx, V], Where a€(24,36) is a scaling factor, g,, gy are feed point coordi-
nates, and vy, v, are coordinates of 50 vertices (€<—1,+1>). Physical dimensions
(mm) are o-[vy,V,] and o-[0,0,]. Labels are a 10-element vector: B=[bye{0,1}], where
bg=1 denotes operation in the g-th 0.5 GHz sub-band within 3-8 GHz.

To assign labels, reflection responses were computed for 20,000 designs with a=30
using CST Microwave Studio [39], based on the Finite Integration Technique [4-6].
Responses for other a values were obtained by frequency scaling [17]. Each design
was labeled if its reflection coefficient fell below 6z within a frequency region whose
relative bandwidth exceeded 6y, matching predefined sub-bands. As antennas may
operate in multiple bands, this forms a multi-label problem [37].

The 1Ddesign-to-Label-1.8.3 dataset was used to train the Label-to-Design, De-
sign-to-Label, and Design-to-Viability models. For each model, the designs were
normalized to the range <0,1>, with a scaled separately from the coordinates.

The Design-to-Viability model was trained on the entire dataset, including both la-
beled and unlabeled samples, to perform binary classification of viable vs. non-viable
designs. The Design-to-Label model used only labeled samples, assuming that inputs
were already verified as viable, which improved label prediction accuracy and avoid-
ed influence from non-functional designs. The Label-to-Design model was likewise
trained only on labeled samples, as it generates new designs. Excluding unlabeled
data ensured learning from meaningful structures and improved generation success.

The second dataset, 1Ddesign-to-Response-2.8 [40], comprises 108,710 pseu-
dorandom free-form antenna designs with corresponding EM simulated reflection
response. All geometries were simulated in CST Microwave Studio using the Finite
Integration Technique. In this dataset, a full simulation was performed for each design
without data augmentation via frequency scaling. An example is shown in Fig. 2.

In the 1Ddesign-to-Response-2.8 dataset, each design is a 102-element vector
D®%)=[q,,v,,qy,Vy], Where q,, gy are the feed point coordinates, and V,=[Vyy,...,Vsol,
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Vy=[Vy1,...,Vys0] define 50 vertex positions in the xy-plane. All coordinates range from
—20 to +20 mm, matching the physical antenna size, with no scaling factor o applied.
The reflection response is a 251-element vector of S;;(f) (dB), i.e., the return loss
20-1og10/S11(f)|, sampled over the 3-8 GHz range with a 20 MHz sampling step.

This dataset trained the Design-to-Response model, which predicts the reflection
response as the final verification stage. Each 102-element vector was reshaped into a
2x51 tensor of x- and y-coordinates, with both channels standardized (z-score) inde-
pendently. The response was also standardized but per frequency component. Stand-
ardization used statistics only from the training set to prevent data leakage.

5 Latent Sampler

Sampling in CVAEs draws latent vectors from a learned continuous space, creating
compact representations of data. Proper sampling enables efficient exploration, inter-
polation between known samples, and generation of novel yet realistic outputs.

Latent vectors z can be sampled from the posterior q(z|x,y), where x is the design, y
its labels. The encoder outputs the mean p and log-variance logo?, defining a Gaussi-
an distribution in latent space. Then, p and logo® are taken from a sample matching
the condition labels, and z is drawn as z~N(p,exp(0.5-logo?)), ensuring the latent
sample reflects features matching the conditions.

Next sampling strategy is interpolation-based generation of new latent vectors from
two posterior samples. Two examples meeting the target bandwidth are encoded as z;
and z, from q(z|x,y) and q(z|x,,y). A new sample is generated via linear interpolation
as z=\-z2;+(1-1) 25, A€(0,1), exploring intermediate latent-space regions and blending
features from both references while preserving smooth transitions and diversity.

The third sampling method extends interpolation to three posterior samples. Three
designs meeting the bandwidth constraints are encoded as z,, z,, zs from their respec-
tive posterior distributions. A new latent vector is generated using a convex interpola-
tion as z=a-z;+b-z,+c 23, a+b+c=1, a,b,c>0, with coefficients drawn from a Dirichlet
distribution. This method explores a wider latent-space region, increasing diversity
while preserving structural consistency and physical plausibility.

6 Design Generator

The Label-to-Design model is a CVAE for antenna design reconstruction. It takes a
design vector as input and a bandwidth label as condition (Fig. 3). The condition is
projected to match the input and latent vector sizes and concatenated with them before
the encoder and decoder, respectively, ensuring effective conditioning and stable
generation. The model outputs a design consistent with the condition, meaning its
predicted properties match the specified label. In the overall pipeline, only the decod-
er is used to generate new designs from latent samples and condition vectors.

The loss function L=Lgect+f Lk +y-Lcons cOmbines the reconstruction loss, the
Kullback-Leibler divergence, and the consistency term. Lgec is the Mean Squared
Error (MSE) between the input and the reconstructed design, ensuring accurate recov-
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ery. Lx. measures the difference between the posterior g(z|x,y) and the prior p(z).
Scaling by £ promotes alignment with N(0,1) and better disentanglement in the latent
space. Lcons enforces coherence between the reconstructed design and the condition,
computed as Binary Cross-Entropy (BCE) between the true and predicted conditions
from the auxiliary models. Scaling by y controls this constraint’s strength.

The 1Ddesign-to-Label-1.8.3 dataset (Section 4) was split into 90% training and
10% test sets. A 10-fold cross-validation (CV) was performed, and the model with the
lowest validation loss was evaluated on the test set. Hyperparameters were tuned via
grid search. Architecture details are in Fig. 3, and learning parameters are in Table 1.

The model achieved a test loss of 0.002, indicating a highly effective balance be-
tween reconstruction quality, a well-structured latent space, and condition consisten-
cy. Consistency accuracy on the test set was measured by predicting bandwidth labels
of generated designs using auxiliary models and comparing them with conditioning
labels. Per-label consistency test accuracies ranged from 0.916 to 0.986, decreasing
with increasing frequency. The consistency macro-average test accuracy was 0.964.

Input: Antenna Design Condition: Bandwidth Labels
(103 parameters) (10 parameters)

| Concatenation with Condition Projection to Input Size
(206 parameters) | ¢ | Linear(10,103), LeakyReLU

Linear(2086, 4096),
BatchNorm1D, LeakyRelu

| Linear(4096, 1024), |

‘g BatchNorm1D, LeakyRelu
g
w Linear(1024, 256),
BatchNorm1D, LeakyRelu
Mean p Logvar log o?
Linear(256, 32)| |Linear(256, 32
[ <
L v > Divergence

Reparameterization Trick
z = p + £-exp(0.5:-log(o?)), e~N(0, 1)

Y
Concatenation with Condition Projection to Latent Size BCE |
(64 parameters) Linear(10,32), LeakyReLU |
Linear(64, 256), Consistency Check
BatchNorm1D, LeakyRelu
Design-to-Label
- Linear(256, 1024), Model
g| BatchNorm1D, LeakyRelu A 4
8 Design-to-Viability
a Linear(1024, 4096), Mods
BatchNorm1D, LeakyRelu
Linear(4096, 103), Predicted Bandwidth Labels
. B = MSE
Sigmoid (10 parameters)
Output: Reconstructed Design v
& & | Loss: L = Lgec + B-Li * ¥V-Lcons

(103 parameters)

Fig. 3. Architecture of the Label-to-Design model.
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Table 1. Learning parameters used for all models.

Parameter Label-to-Design Design-to-  Design-to-  Design-to-
Viability Label Response

Solving algorithm Adam Adam Adam Adam

Learning rate (LR) le-3 le-3 le-3 5e-4

LR scheduler factor 0.1 0.1 0.1 0.1

LR scheduler patience 5 5 5 5

Weight decay (L2) 0 le-7 le-7 le-4

Loss function LrecHf- Lty Lcons BCE BCE MSE

S factor 7.5e-6 N/A N/A N/A

y factor le-3 N/A N/A N/A

Batch size 64 64 64 64

Early stopping 15 15 10 10

Number of parameters 10,245,236 15,112,193 129,327,626 70,663,419

7 Viability Detector

The Design-to-Viability model is a MLP for detecting antenna design viability. It
takes a design vector as input and outputs a binary result distinguishing viable from
nonviable designs. An antenna design is considered viable if the reflection coefficient
is below threshold 6 and the relative bandwidth exceeds 6y, within any sub-band of
the analyzed frequency range. In the workflow (Section 3), this model is used in step
four to assess whether generated designs meet required criteria.

Input: Antenna Design Input: Antenna Design Input: Antenna Design
(103 parameters) (103 parameters) (102 parameters)
2x51
Linear(103, 8192), Linear(103, 4096), ConviD(512 channels,
LeakyRelu, Dropout(0.06] LeakyRelu, Dropout(0.06 kernel 5, stride 1, ing 2),
LeakyRelu, MaxPool(2
Linear(4096, 2048), ‘ 512x25 Flatten

Linear(6192, 8192),

K3
o
]
LeakyRelu, Dropout(0.06) =| LeakyRelu, Dropout(0.06) _| ConviD({512
v 2 ¥ S| kernel 3, stride 1, padding 1), - (4;;"1‘::3
= inear| 3 ,
Linear(8192, 4096), B[ Linear(2048, 2048), 2L LeakyRelu, MaxPool(2) LeakyRelu
5 LeakyRelu, Dropout(0.06] 5 LeakyRelu, Dropout(0.06 2 *512'12 %1024
B -3 H ConviD(1024 5 1024, 512
¥ i i ineari , )
= Linear(4096, 4096), 5 Linear(2048, 1024), &|kernel 3, stride 1, padding 1), { )
3 2 @| LeakyRelu, MaxPool(2) LeakyRelu
8| _LeakyRelu, Dropout(0.06 &|_LeakyRelu, Dropout(0.06 [
ki a & W 10246
3 E Linear(512, 512),
i) Linear(4096, 2048), Lincar(1024, 1), <l Conv1D(4096 channels, ( ),
B L.aRels D 40,08 Siamoid | kernel 3, stride 1, 1), LeakyRelu
gl ol o 8| LeakyRelu, MaxPool(2 1%512
g _ 4 ; 4006x3 Linear(512, 512),
Linear(2048, 1024), Qutput: Viability Detection ConviD(4096 ch T LeakyRelu
LeakyRelu, Dropout(0.06 (1 parameter) Kkernel 3, stride 1, ing 1), '1,‘512
LeakyRelu, MaxPool(2 R
Linear(1024, 512), 209671 Linear(512, 251)
LeakyRelu, Dropout(0.06]

1%251
Output: Reflection Response
Linear(512, 10),

251 parameters;
Sigmoid d - )
Output: Bandwidth Labels
(10 parameters)

Fig. 4. Structures of the Design-to-Label, Design-to-Viability and Design-to-Response models.
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The 1Ddesign-to-Label-1.8.3 dataset, including classless samples (Section 4), was
split into 90% training and 10% test subsets. A 10-fold CV was performed, and the
model with the lowest validation loss was evaluated on the test set. Multiple hyperpa-
rameter settings were explored via grid search. Model hyperparameters are in Fig. 4,
and learning parameters in Table 1. The model achieved a test accuracy of 0.926.

8 Label Classifier

The Design-to-Label model is an MLP serving as a multi-label classifier for antenna
operating ranges [37]. It takes a design vector as input and outputs a 10-bit label vec-
tor indicating sub-bands (0.5 GHz each within 3-8 GHz) where the optimized antenna
can operate. A label is assigned when the reflection coefficient and relative bandwidth
criteria (Section 4) are satisfied. In the workflow, this model is used in step five to
verify if the generated design is classified consistently with the condition vector. Un-
like [43], where this model was used as a standalone evaluator, in the proposed
framework it serves as one component of a broader multi-stage evaluation mecha-
nism, contributing to intermediate verification rather than final decision-making.

The 1Ddesign-to-Label-1.8.3 dataset (Section 4) was split into 90% training and
10% test subsets. A 10-fold CV was used, and the model with the lowest validation
loss was evaluated on the test set. Model hyperparameters are in Fig. 4, and learning
parameters in Table 1. More details on the model are provided in [37].

The per-label test accuracies ranged from 0.917 to 0.966, decreasing with frequen-
cy. The macro-average accuracy reached 0.935, while the corresponding precision,
recall, specificity, and F1 score were 0.768, 0.756, 0.964, and 0.761, respectively.

9 Response Estimator

The Design-to-Response model is a 1D CNN estimating antenna reflection response
via regression. It takes a 2x51 tensor of x- and y-coordinates, where the first pair de-
fines the feed point and the remaining 50 are vertices. The output is a 251-sample
vector of 20-logo(|S11(f)[) for 3-8 GHz in 20 MHz steps. A crucial step is data stand-
ardization (z-score) using the mean and standard deviation. Data are z-score standard-
ized: inputs per coordinate channel, outputs per frequency.

The 1Ddesign-to-Response-2.8 dataset was split into 90% training and 10% test
subsets. Bayesian optimization (BO) was applied to the training data to determine
optimal structural and learning hyperparameters. The best configuration was validated
using 10-fold CV to ensure a robust performance and reduce variance. The model
with the lowest validation loss was evaluated on the test set, unused during BO and
CV. Optimal model hyperparameters are in Fig. 4, and learning parameters in Table 1.

The model achieved a Mean Squared Error (MSE) of 3.789 (dB)?, a Mean Abso-
lute Error (MAE) of 0.902 dB, a coefficient of determination (R?) of 0.437, and a
Root Mean Squared Error (RMSE) of 1.947 dB on the entire test set. It performs best
below 6 GHz, where MAE < 0.62 dB and RMSE < 1.43 dB, peaking at 4.5 GHz.
Above 6.5 GHz, performance declines but remains satisfactory overall.
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10 Results

It is important to note that the proposed framework is a design generator, not a predic-
tive model. Therefore, the results reported in this section do not measure prediction
accuracy of ML models, but rather the effectiveness of the generation process. To
assess this, all generated designs were evaluated using full-wave EM simulations,
which serve as the ground truth. The reported metrics quantify how often the generat-
ed designs satisfy the target operational sub-band conditions.

After training all models, an end-to-end pipeline (Section 3) was built to generate
pseudorandom high-complexity antenna designs for a specified frequency range. For
each sampling method (Section 5), 5,000 designs were generated, with 1,000 samples
per sub-band. These designs underwent full-wave EM simulations in CST Microwave
Studio [39] using the Finite Integration Technique [4-6]. The resulting reflection
responses were analyzed, and bandwidth labels were generated. The obtained labels
were compared with the conditioning labels, allowing quantitative evaluation of the
generative pipeline’s performance in producing designs matching the conditions.

Table 2 presents the results, including exact-match accuracy, relaxed-match accu-
racy, and macro-average metrics: accuracy, precision, recall, specificity, and F1 score,
with 95% confidence intervals (Cl) in parentheses. Macro-average accuracy reflects
average correctness across sub-bands. Exact-match accuracy requires a perfect match
between predicted and true labels, making it an overly strict metric. Relaxed-match
accuracy is less restrictive, counting a match as correct if all active target labels are
predicted, even with extra active sub-bands. This is more suitable for antenna design,
as designs covering a superset of desired sub-bands remain valid for optimization.

The convex interpolation sampler enhances design diversity and achieves the best
overall performance, with a relaxed-match accuracy of 0.769, a macro-average accu-
racy of 0.947, and a macro-average F1 score of 0.756. The high relaxed-match accu-
racy and F1 indicate that generated antennas meet target conditions and often cover
broader frequency ranges, making them strong candidates for further optimization.

Table 3 shows per-label metrics. The generator shows highest consistency with
conditions at lower frequencies (up to 6.0 GHz). Performance gradually declines with
increasing frequency, with a noticeable drop in the highest sub-band (7.5-8.0 GHz).

Table 2. Overall experimental results.

Latent sampling method

Posterior samples

Linear interpolation

Convex interpolation

exact-match accuracy
relaxed-match accuracy
macro-average accuracy
macro-average precision
macro-average recall
macro-average specificity
macro-average F1 score

0.577 (0.564-0.591)
0.701 (0.688-0.713)
0.940 (0.938-0.942)
0.734 (0.723-0.749)
0.701 (0.688-0.713)
0.967 (0.965-0.968)
0.709 (0.699-0.719)

0.630 (0.616-0.643)
0.757 (0.746-0.769)
0.947 (0.945-0.949)
0.766 (0.755-0.776)
0.757 (0.746-0.769)
0.968 (0.967-0.970)
0.751 (0.741-0.761)

0.634 (0.621-0.648)
0.769 (0.758-0.781)
0.947 (0.945-0.50)

0.764 (0.754-0.775)
0.769 (0.758-0.781)
0.967 (0.966-0.969)
0.756 (0.746-0.766)
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Table 3. Per-label results for the convex interpolation sampler.

Label [GHz] 3-35 354 445 455 555 556 665 657 7-75 7538
accuracy 0.978 0.969 0.971 0.966 0.960 0.946 0.940 0.945 0.930 0.871
precision 0.985 0.858 0.896 0.839 0.826 0.744 0.740 0.719 0.609 0.426
recall 0.788 0.824 0.806 0.812 0.760 0.698 0.614 0.732 0.826 0.832
specificity ~ 0.999 0.985 0.990 0.983 0.982 0.973 0.976 0.968 0.941 0.876
F1 score 0.876 0.841 0.848 0.825 0.792 0.720 0.671 0.725 0.701 0.564

Table 4. Average design generation time and algorithm iteration counts.

Metric Mean (95% CI)
Total time [s] 0.703 (0.673-0.734)
Iterations 30.105 (28.187-32.050)

Reiterations due to non-simple designs 1.883 (1.741-2.029)
Reiterations due to nonviable designs 12.286 (11.190-13.383)
Reiterations due to mismatched labels 7.228 (6.693-7.780)
Reiterations due to mismatched responses 7.708 (7.343-8.092)

As shown in the Section 3, the algorithm operates iteratively. Each generated de-
sign is verified for geometry, viability, label consistency, and reflection compliance
(Sections 7-9). Failed designs are rejected and regenerated until all criteria are met.
Table 4 reports the average number of iterations and rejection causes, as well as the
mean generation time of 0.703 s for the full end-to-end process, measured on a work-
station with an Intel i7-12700 CPU, 32 GB RAM, and an RTX 3070 Ti GPU.

11 Conclusions

The proposed framework enables fully automated generation of complex antenna
geometries conditioned on the target frequency bands, reducing expert bias and de-
sign time. The system integrates a CVAE with auxiliary MLP and CNN models for
consistency verification. Auxiliary models remove the need for full-wave simulations
while maintaining high predictive accuracy. The resulting low-latency process sup-
ports rapid design-space exploration and candidate selection for optimization.

It achieved exact-match accuracy of 0.634, relaxed-match of 0.769, macro-average
accuracy of 0.947, and F1 of 0.756, with an average generation time of 0.703 s per
design. Performance degradation occurs at higher frequencies (7.5-8.0 GHz). The
process requires about 30 iterations per valid sample, indicating many generated de-
signs are rejected due to infeasibility or label mismatch.

Future work will focus on BO of key pipeline models to improve conditional con-
sistency and reduce rejection rates. In parallel, a new ML model will be developed for
automated post-generation refinement of resonance characteristics.
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