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ABSTRACT We introduce a deep learning-based optimization method that enhances the design of sparse
phased array by reducing grating lobes. Our approach begins with a generation of sparse antenna array
configurations, efficiently addressing the non-convex challenges and high degrees of freedom in array
design. We then employ neural networks, trained on 70,000 and tested on 30,000 configurations, to
approximate a non-convex cost function that measures the ratio between the energy of the main lobe
and the side lobe level. The approximation is differentiable and allows for the minimization of the cost
function by gradient descent with respect to the antenna’s elements coordinates, yielding a new optimized
configuration. A custom penalty mechanism is also implemented, integrating various physical and design
constraints into our optimization method. The effectiveness of our method is tested on the ten configurations
with the lowest initial cost values, showing a further reduction in cost by 699% to 816%, with an average
of 740%. The code for the method is available at https://github.com/david5010/Optimization-of-Antenna-
Arrays.

INDEX TERMS Antenna Arrays, Machine Learning, Deep Learning, Gradient Descent, Optimization

I. Introduction
Phased array systems employing sparse configurations are
often challenged by the emergence of grating lobes, primar-
ily due to constraints on the maximum number of elements
and beamwidth specifications that dictate the size of the
antenna aperture. These lobes are typically a consequence
of the periodic arrangement found in conventional antenna
arrays [1]. To mitigate this, in most cases sparse arrays
avoid periodic layouts in favor of aperiodic or randomized
element distributions [2], [3], which help suppress grating
lobes by breaking the spatial regularity that leads to their
formation. However, designing aperiodic arrays introduces
significant hurdles, including a substantial increase in the
degrees of freedom that must be optimized and the con-
siderable computational complexity involved in assessing
the antenna radiation patterns across all main beam scan
angles. Traditional methods falter in reliably identifying
global optima due to the problem’s complex landscape. The
grid search approach, which refers to a uniform and exhaus-
tive sampling of the solution space across all configuration
parameters, becomes impractical due to the combinatorial
explosion of possible antenna array configurations and the

substantial computational resources required to evaluate each
one. Several approaches to optimize the thinned and the
sub-array configurations have been proposed in literature,
incorporating various advanced techniques to refine and
enhance antenna design [4]–[10]. In addition, previous ap-
proaches specifically addressing sparse arrays have utilized
stochastic optimization techniques, such as simulated an-
nealing or genetic algorithms, to design aperiodic linear
sparse arrays to minimize side lobe levels and optimize
array configurations [11]. While these methods are flexible
and can handle complex, non-linear optimization problems,
they are often computationally intensive and slow, especially
when optimizing large arrays. For sparse arrays, the domain
of possible configurations is enormous, as each element
can be shifted differently. Even with a coarse discretization
allowing K possible shift per element, the total number of
configurations becomes KNele , where Nele is the number of
elements. This exponential growth renders the optimization
process highly challenging even for stochastic optimization
methods.

Machine learning methodologies have been increasingly
utilized in recent years to optimize complex problems in
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the field of electromagnetics (EM). In particular, the use
of neural networks has proven to be an effective and
time-efficient method of optimization. These networks have
achieved significant success in modeling computationally
intensive EM simulations [12], [13] and complex EM re-
lationships [14], [15] while maintaining a high degree of
accuracy. Beamforming, a method of signal processing, has
been the focus of numerous deep learning applications [16]–
[19]. While conventional beamforming techniques reduce
side lobe levels (SLLs) by modifying the excitation of
individual antenna elements, our method maintains uniform
excitation and instead focuses on optimizing the positions
of the elements. In contrast to approaches that feed a
desired array pattern into a neural network [19], our model
takes a predefined sparse array configuration as input and
predicts its corresponding cost. This estimated cost guides
an iterative refinement process, where gradient descent is
applied directly to the element coordinates with respect to
the cost function.

We address the challenges of computational speed and
complexity by first reducing the number of variables in the
phased array scanning problem from five variables (the ob-
servation vector, the scanning vector, and the wave number)
to two [20]–[23]. We then generate sparse array data using a
sub-array approach [24], decreasing the number of freedom
in the optimization process. From this generated data, we
select array configurations that demonstrate promising results
and further refine these configurations using a deep learning
approach. By employing neural networks, we accurately
approximate the complex, non-convex cost function of an
array, enabling efficient minimization of the cost through
gradient descent on the antenna array coordinates.

II. Methods
A. Generation of Antenna Array Configurations
In this paper, we focus on the transmission mode case.
To achieve maximum power, thermal efficiency, and overall
efficiency, most solid-state amplifiers are operated in satu-
ration mode. This, in turn, imposes a constraint of uniform
amplitude across the array.

In this section, we address the Active Electronically
Scanned Array (AESA) design challenge by simplifying
the AESA array factor (AF) characterization from five to
two variables and describe the process of data generation
for optimization. For a planar phased array antenna with
uniformly excited elements located in the yz-plane, the AF
is given by:

U(k,AZ,EL,AZ0, EL0) =

Ne∑
n=1

ejkrn·(r̂−r̂0) (1)

Here, k is the wave-number, r̂ = cos(EL) sin(AZ)ŷ +
sin(EL)ẑ + cos(EL) cos(AZ)x̂ represents the unit vector
in the observation direction, r0 = cos(EL0) sin(AZ0)ŷ +
sin(EL0)ẑ + cos(EL0) cos(AZ0)x̂ denotes the main beam

direction. Also, EL and AZ denote the elevation and az-
imuth of the direction of observation, respectively, while
EL0 and AZ0 pertain to the main beam direction. Note
that EL = π/2 − θ and AZ = φ of the conventional
spherical coordinates system. The rn = ynŷ+ znẑ indicates
the location of the nth element and Ne is the number of
elements. By introducing a difference vector u = k(r− r0),
we can redefine the array factor using only two variables:

U(uy, uz) =

Ne∑
n=1

ej(ynuy+znuz) (2)

uy and uz are the y and z components of u. The domain of u
can be determined numerically or analytically given the main
beam scan sector. Identifying the AF’s support within the
uy,uz plane simplifies the evaluation over the entire domain
of interest. This method reduces the resources needed for
storage and processing, making it easier to characterize the
entire observation area across the complete scan sector in a
single illustration.

To streamline the optimization process, simplify the search
domain, and facilitate the generation of both well- and
poorly-performing arrays for a diversified dataset, we fixed
the antenna size and adopted the concept of local period-
icity for data generation [24]. This principle facilitates the
organization and integration of radiating elements and their
associated transmit/receive modules by employing a sub-
array strategy. In this method, the entire array is constructed
from multiple sub-arrays, each designed to exhibit period-
icity, thereby significantly reducing the number of design
variables.

In practical terms, the array surface is segmented into
distinct subdomains, with each region hosting a periodic
sub-array. These sub-arrays are designed with flexibility
in both positioning and orientation, allowing for variations
in periodicity along the x and y axes. To mathematically
formalize the sub-array configuration, we divide the full
array into Ngroups sub-arrays. Each sub-array is then rotated
by an angle selected from a predefined rotation vector:

Angle = [0,∆θ, 2∆θ, . . . ,Θmax −∆θ] , (3)

where ∆θ = Θmax/Ngroups. We vary the parameter Θmax
within the range [0◦, 90◦], and for each value, we randomly
assign rotation angles to the sub-arrays by permuting the
Angle vector. This ensures each sub-array receives a distinct
orientation, introducing structural diversity while keeping the
search space manageable.

This approach simplifies the otherwise complex task of
array design by reducing the multitude of potential configu-
rations to a structured yet flexible set of variables. The key
parameters for optimization include: periodicity along each
axis, rotation angle, and sub-array position.

For example:

• When Θmax = 0◦, all sub-arrays remain unrotated,
resulting in a completely aligned configuration. For an
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inter-element spacing of 2λ, this setup typically yields
high side-lobe levels (SLL), making it a representative
case of poor array performance.

• When Θmax = 90◦, and each group is randomly rotated
using the full rotation vector, the structural randomness
generally leads to improved performance. In certain
permutations, this can achieve SLL levels as low as
−13 dB, similar to that of a standard rectangular array.

In our dataset, we fixed the antenna aperture size to 64λ,
with a maximum of 32 elements along each axis. This
allowed us to generate both high- and low-performing array
examples, making the dataset ideal for training deep learning
models to estimate cost functions while reducing the risk of
overfitting.

Figure 1 illustrates an example of an array configuration
utilizing periodic sub-arrays with Θmax = 90◦.

FIGURE 1. Example of a periodic sub-array configuration with
Θmax = 90◦.

B. Cost Function
The cost function evaluates the ratio of the main lobe (ML)
to the side-lobe level (SLL) while adhering to the constraints

fcost = −
∑

i∈ML |AF (uy(i), uz(i))|2p∑
i/∈ML |AF (uy(i), uz(i))|2p

(4)

where p determines the norm type, and i indicies the samples
in the u-plane. Taking the norm to infinity, i.e., using the
ℓ∞ norm, corresponds to penalizing only the maximum
value. This is effective for suppressing prominent grating
lobes but tends to under-penalize patterns with many smaller
sidelobes, resulting in noisy radiation patterns. On the other
hand, setting p = 1 corresponds to taking the average
absolute value across the pattern. While this provides a
more global assessment, it significantly reduces the influence
of high peaks and therefore fails to sufficiently penalize
sharp and undesired sidelobes in the radiation pattern. As
a compromise, we set p = 4 for our data generation. This
choice imposes stronger penalties on significant peaks while

still accounting for the overall sidelobe structure. It ensures
that excessively high sidelobes, such as grating lobes, are
discouraged from appearing outside the main lobe region.

III. Optimization of Antenna Arrays using Neural Network
Approximations
Optimizing antenna array configurations directly presents
a significant challenge, particularly when the objective
involves minimizing a complex and potentially non-
differentiable cost function. The complexity of the true cost
function necessitates extensive engineering efforts to opti-
mize directly. To circumvent these challenges, we employ
neural networks as a strategic means to approximate the true
cost function accurately, serving as a surrogate cost function.
It has been shown that neural networks have the universal
approximation property [25]–[28]. Neural networks, by de-
sign, provide a smooth and continuous function. This charac-
teristic enables the application of gradient descent methods
for optimization. The choice of surrogate function is highly

FIGURE 2. Flowchart illustrating the antenna array optimization process,
outlining steps from initial configuration through iterative adjustments
using gradient-based optimization and constraint mechanisms.

flexible, provided it accurately approximates the original cost
function. This surrogate can take various architectural forms,
such as feed forward neural networks (FNNs), convolutional
neural networks (CNNs), or transformer variants, as the
primary optimization process occurs after a reliable estimate
is obtained. In our experiments, we tested an FNN and a
Set Transformer [29] as surrogate functions. We chose the
FNN for its simplicity and computational efficiency, and the
Set Transformer for its ability to handle set-based inputs and
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maintain permutation invariance. Once we derive an accurate
approximation of the cost function using the FNN and Set
Tranformer models, we begin the optimization process. The
optimization process begins by inputting a given sparse array
configuration to the surrogate deep learning model. Next, an
approximation of the cost associated with the inputted array
is produced by the model. We then perform gradient descent
directly on the antenna uy,uz coordinates to produce a new
array with a better resulting cost. This process is conducted
over a set number of iterations until the cost converges and
an optimal configuration is reached. Figure 2 illustrates this
method.

A. Model Selection
For optimal model architecture and hyperparameter iden-
tification, we utilized SHERPA, a tool for hyperparameter
optimization [30]. We conducted a grid search for each ad-
justable parameter in both the Feedforward Neural Network
(FNN) and Set Transformer models.

1) Feedforward Neural Network (FNN) Model
The architecture of the FNN model comprises four fully
connected layers. The initial input layer is set to a dimension
of 2048, representing the Y and Z coordinates of 1024
array elements. This is followed by two hidden layers
with dimensions of 20 and 12, respectively. Nonlinearity is
introduced after each hidden layer through the application of
ReLU activation functions. The final output layer contains
a single neuron designed to predict the cost related to the
specified antenna array geometry.

During the training phase, the FNN underwent 1000
epochs with a learning rate of 1× 10−5 and a batch size of
128, using the Adam optimizer to reduce the loss function.

Various configurations were tested, including first and
second hidden layer dimensions ranging from [4, 120] and
[2, 40] neurons, respectively. Learning rates were explored
from 1× 10−2 to 1× 10−6, and batch sizes varied from 16
to 256 to establish the most effective training parameters.

2) Set Transformer
The Set Transformer is engineered to process set-structured
data, as described by Lee et al. [29]. It is structured with
an encoder and a decoder. The encoder consists of two
permutation equivariant set attention blocks to ensure order
invariance of inputs, while the decoder includes a multi-head
attention block for pooling, two set-attention blocks, and a
fully connected output layer.

Both the encoder and decoder feature attention blocks
with two heads each, and the hidden layers within maintain
a dimensionality of 32. The model accepts inputs with a
dimension of 2, corresponding to the Y and Z coordinates
of each antenna element, and the output layer, similar to the

FNN, has a single neuron that computes the cost for the
antenna array configuration.

Training of the Set Transformer was carried out over 1000
epochs with a learning rate of 1× 10−3, a batch size of 64,
and employing the Adam optimizer.

We also tested various configurations for the Set Trans-
former, adjusting hidden layer dimensions from 8 to 64 and
attention head counts from 2 to 8. Additionally, learning rates
ranged from 1 × 10−2 to 1 × 10−6, and batch sizes were
experimented with from 16 to 256.

B. Cost
To estimate the cost function depicted in (4), the neural
network takes an inputted array configuration and outputs a
real number, where a lower cost indicates better performance.
Our generated dataset consists of arrays with initial cost
values ranging from -40,000 to -0.7. Due to the wide range
of output values, we normalized these costs for training via
(5). Once trained, the model outputs a normalized cost value
for the inputted array configuration. For interpretability,
denormalization is applied to the outputs to recover the
original cost values using (6). In (5) and (6), J represents
the cost.

Jnorm =
J − µJ

σJ
(5)

J = (Jnorm · σJ) + µJ (6)

Given that our dataset was generated based on the same
parameters (same wavelength and antenna aperture size), the
coordinates of the array elements will determine the cost
of the configurations. Each array is represented as a set of
coordinate pairs with varying numbers of elements.

C. Inputs
The primary challenge with input handling arises from the
chosen neural network architecture. For architectures sensi-
tive to input order and length variations, such as the FNN in
our case, we address this by applying a consistent ordering
to the antenna coordinates across all arrays. Additionally, we
pad each input to match the maximum number of antennas
in the dataset (1024) to ensure uniform input length.

Once the neural network provides a reliable estimate
of the cost function, the model serves as the foundation
for optimizing antenna configurations. By representing the
configurations in a structured input format, we facilitate the
use of gradient-based optimization methods to refine antenna
positions.

To optimize a given antenna array configuration, we adjust
the coordinates of the elements to locate positions that min-
imize the cost function. Using the neural network surrogate
within a PyTorch framework [31], [32], we employ the Adam
optimizer, a gradient-based optimization technique known
for its computational efficiency and tunable hyperparameters
[33].
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To further refine the optimization process, we incorporate
mechanisms that maintain physical constraints among the
array elements. The first approach is a minimum distance
check, where each candidate configuration is evaluated at
each iteration to ensure that elements adhere to a set
minimum distance constraint. If the candidate configuration
meets this constraint, it is accepted, and the optimization
proceeds to the next iteration. If not, the configuration reverts
to the last valid arrangement, ending the optimization.

The second approach involves integrating a repulsion term
as a penalty function within the cost model. This term
imposes a penalty based on the proximity of element pairs,
allowing the optimization to continue without interruption.
The penalty is structured to increase significantly as any
pair of elements approaches the minimum distance threshold,
effectively discouraging configurations that violate spacing
requirements. Designed to asymptotically approach infinity
as the distance nears the limit, this penalty can also be
customized to discourage other behaviors, such as elements
spreading out excessively or moving inward, ensuring that all
configurations remain within acceptable bounds throughout
the optimization process.

D. Penalty Mechanism
In our model, the penalty mechanism is adaptable, allowing
for the implementation of custom penalties based on specific
design requirements. These penalties can be formulated to
address various constraints or optimization objectives. The
example below illustrates the penalty function we employed.

This function calculates the Euclidean pairwise distance
between each pair of elements, denoted as Dij for elements
i and j, where i and j are 1, 2, ..., Ne. A minimum threshold
is also defined as θ.

Pij = log

(
1

Dij − θ

)
(7)

The total penalty P applied during the optimization is then
the sum of all individual penalties, scaled by a factor ϵ, which
dictates the repulsion term’s influence on the optimization
process:

P = ϵ ·
∑

∀i∈Ant
∀j∈Ant

Pij (8)

Here, Ant represents the set of elements in the configura-
tions. The scalar ϵ is pivotal as a higher value places greater
emphasis on maintaining distance between elements, effec-
tively preventing them from nearing the minimum threshold.

The optimization process aims to minimize the custom
loss function defined as

loss = f(Ant) + P (9)

where f(Ant) is the output of the surrogate cost network for
a given antenna configuration, and P is our custom penalty
term.

IV. Results
In this section, we present the performance enhancements
of the antenna arrays achieved using the FNN and Set
Transformer, both with and without the penalty mechanism
intended to reduce mutual coupling. We used here λ = 1
and set the maximum scan angle to 20◦ in both elevation
and azimuth axes. Figure 3 illustrates the optimized sparse
array obtained by the FNN when the penalty mechanism
isn’t applied. Figure 4 provides an example of an optimized
antenna configuration obtained when the penalty mechanism
is incorporated. Figure 5 depicts the outcomes for both the
FNN and Set Transformer without the penalty mechanism,
whereas Figure 6 compares the FNN results with and without
the penalty in place. To streamline the analysis, we selected
the ten antenna array configurations with the lowest initial
costs. Each optimization run required approximately one
minute to complete. Our approach is inherently scalable, as
multiple optimization tasks can be executed in parallel.

FIGURE 3. Optimized array configuration using the FNN model without
the penalty mechanism.

The results show that the half-power beamwidth remains
consistently stable (ζ3dB = 0.78◦), where ζ represents either
EL or AZ across all configurations, except for the FNN
with the penalty mechanism, which achieved a lower value
(ζ3dB = 0.70◦). This is reasonable, as observed in Fig. 4,
where the antenna array becomes larger. For a detailed
analysis of the SLL, we evaluate both the first and the second
SLL. The FNN with the penalty mechanism delivers the
best performance, achieving first SLL values of (-17.37, -
16.80) dB and second SLL values of (-19.56, -19.99) dB.
In comparison, the Set Transformer and the FNN without
the penalty mechanism yield first SLL values of (-14.42, -
14.06) dB and (-13.59, -13.44) dB, respectively, and second
SLL values of (-15.27, -14.93) dB and (-14.29, -14.84) dB.
The values in parentheses correspond to measurements in
the uy and uz directions, respectively. It is important to
note that the optimization results consistently yield SLL
across all scanning angles, with the maximum scan angle
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FIGURE 4. Optimized array configuration using the FNN model with the
penalty mechanism.

FIGURE 5. uy and uz cuts are obtained using both the FNN and the Set
Transformer. Solid lines represent results from the FNN, while dashed
lines denote those obtained with the Set Transformer.

set to 20◦, which covers the intended scanning domain. This
demonstrates the main advantage of formulating the problem
in the uy and uz domains.

The FNN architecture that utilizes the penalty mechanism
achieves superior performance. One strategy to reduce mu-
tual coupling involves increasing the minimum distance be-
tween the nearest elements, which expands from an average
minimum distance of 0.501λ in optimizations without the
penalty mechanism to 0.510λ when the penalty mechanism
is implemented.

FIGURE 6. uy and uz cuts are obtained using the FNN with and without
the penalty mechanism. Solid lines represent results from the FNN
without penalty, while dashed lines denote those obtained with penalty.

FIGURE 7. A comparison between FNN models with and without a penalty
mechanism focused ML area in the antenna pattern.

A. Impact of Gradient Descent without Penalty
An analysis of the 10 lowest cost configurations without us-
ing the custom penalty revealed an average cost reduction of
77%, with the most notable improvement observed at 87%.

TABLE 1. Comparison of Cost by Optimization without Penalty

FNN SetTrans.

Config. Cost Bef. Cost Aft. %Chg Cost Aft. %Chg

0 -40463.98 -70656.40 -74.61% -50062.60 -23.72%

1 -39931.30 -74892.03 -87.55% -48461.69 -21.36%

2 -39767.27 -70558.84 -77.42% -47678.69 -19.89%

3 -39472.41 -71855.93 -82.04% -47099.10 -19.32%

4 -39431.64 -71640.69 -81.68% -52461.51 -33.04%

5 -39383.22 -69344.87 -76.07% -48599.66 -23.40%

6 -39036.94 -71497.47 -83.15% -49166.52 -25.94%

7 -38702.13 -64275.86 -66.07% -49435.75 -27.73%

8 -38690.57 -67786.53 -75.20% -69324.78 -79.17%

9 -38600.70 -66521.94 -72.33% -51598.96 -33.67%

A closer examination of the minimum distances between
elements post-optimization reveals that the distances often
approached the threshold (θ = 0.5) closely. This proximity to
the threshold suggests that the optimization process seeks to
minimize costs, but it does so at the risk of compromising the
physical feasibility and operational integrity of the antenna

6 VOLUME ,



arrays by pushing the configurations to the limits of the
minimum distance constraint.

B. Effectiveness of the Penalty Function
The application of gradient descent, implementing a penalty
for the minimum distance constraint, has demonstrated sub-
stantial improvements in the cost of antenna array configu-
rations. With our custom penalty mechanism, we observed
an average improvement of 740% across the configurations
examined, with the largest improvement being 816% for
the FNN model. These results demonstrate the potential of

TABLE 2. Comparison of Cost by Optimization with Penalty

FNN SetTrans.

Config. Cost Bef. Cost Aft. %Chg Cost Aft. %Chg

0 -40463.98 -352208.37 -770.42% -72366.55 -78.84%

1 -39931.30 -322455.62 -707.52% -68401.11 -71.29%

2 -39767.27 -323139.62 -712.57% -67188.80 -68.95%

3 -39472.41 -327770.81 -730.37% -70953.76 -79.75%

4 -39431.64 -361288.12 -816.23% -67442.47 -71.03%

5 -39383.22 -327317.71 -731.10% -68203.04 -73.17%

6 -39036.94 -344308.65 -782.00% -92805.77 -137.73%

7 -38702.13 -323761.15 -736.54% -77390.64 -99.96%

8 -38690.57 -309294.50 -699.40% -46534.00 -20.27%

9 -38600.70 -317903.28 -723.56% -78371.62 -103.03%

gradient descent to effectively refine antenna array designs
to achieve significant performance enhancements.

Optimization with a penalty function demonstrates the
ability to guide the optimization process within the bounds of
operational feasibility while still maximizing cost reduction.
Array optimization with penalty ensures that improvements
in antenna array configurations do not compromise prac-
tical applicability. Furthermore, the variability introduced
by adjusting ϵ underscores the nuanced control that the
penalty function offers over the optimization process. This
control allows for a tailored balance between aggressive cost
reduction and adherence to physical limitations. We found
that a ϵ value of 12.5 and 1 proved to be most optimal for the
FNN and Set Transformer architectures, respectively. These
ϵ values were obtained by testing ϵ in the range of 0.1 to
100.

C. Computational Speed and Complexity
The computational overhead of the proposed method is low.
We evaluated the computational complexity of the optimal
FNN model, which comprises 41.24 × 103 parameters and
requires approximately 41.24 × 103 multiply-accumulate
(MAC) operations. On an NVIDIA RTX 4070 ti GPU, the
model achieves an inference time of approximately 0.25 ms
per sample. All experiments were conducted using PyTorch
2.5.1.

D. Comparative Analysis
When comparing the outcomes of optimization processes,
we see the importance of our surrogate cost function and the
relationship between cost reduction and minimum distance
between elements.

The FNN, having an MSE of 0.007, outperformed the Set
Transformer on the majority of configurations with an MSE
of 0.06. This shows that a closer approximation to the true
cost function allows for more accurate gradients, resulting
in a larger cost reduction and obtaining better SLLs.

Array optimization with the penalty function not only
maintained a safer distance from the threshold but also
performed better than the array optimization without penalty.
This improvement was observed using both the FNN and Set
Transformer models. This optimization method ensures that
the configurations remain within acceptable limits, thereby
enhancing the practical viability and efficiency of the opti-
mized antenna arrays.

This comparative analysis underscores the importance of
maintaining compliance with essential design constraints.
The use of a custom penalty term within the optimization
process proved to be substantially more effective than op-
timization without it. Employing this custom penalty term
resulted in both greater cost reduction and more significant
spacing between array elements.

V. Conclusion
We have introduced a new design methodology for antenna
arrays, utilizing deep learning to optimize existing large
antenna configurations efficiently. This approach begins with
designing sub-arrays as the fundamental basis for configuring
the entire array. The core of our method is the applica-
tion of deep learning, employing neural networks to drive
subsequent refinements. With a deep learning approach, we
have shown an efficient way to optimize large antenna
arrays while significantly improving the cost and having
flexibility in defining design and physical constraints. Using
deep learning, we reduced the costs of the ten best antenna
array configurations by an average of 740% with penalty and
77% without penalty. This new approach, which uses neural
networks to estimate the cost function, has the potential to
be applied in future work for a variety of applications, such
as phase tapering, beam shaping methods, and thinned array
design, among others.
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