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Abstract: Metamaterial absorber design has historically been an example of a traditional “forward” approach in which electromagnetic
simulation is used to predict absorption based on geometric configuration. The computational expense associated with this iterative
optimization process severely restricts the ability to rapidly prototype and explore different regions of the design space. We introduce a
novel, physics-based deep generative framework using Conditional Variational Autoencoders (CVAEs) for inverse design of Terahertz
metamaterial absorbers that directly generates the required geometric configurations based upon target absorption specifications. Our
model develops a probabilistic mapping between desired absorption coefficients and the corresponding optimal combinations of patch
width, substrate thickness, and operation frequency. Using training datasets consisting of 9,018 full-wave simulated samples across a
range of values for patch widths (20 µm–80 µm), substrate thicknesses (5 µm–20 µm), and frequencies (5 THz–11 THz), our trained
CVAE achieved a Mean Absolute Error (MAE) of 2.34 µm when predicting geometric configurations and a reconstruction fidelity
(R2) of 0.9876. Moreover, our generative model allows for generation of multiple different design solutions for identical absorption
objectives, thereby facilitating multi-objective optimization and satisfaction of fabrication constraints. Experimental results demonstrate
that 87% of generated geometries result in absorbed radiation consistent with the specified target absorption within ±3% tolerance,
corresponding to a 142× speedup over gradient-free optimization. As such, the proposed framework provides a new pathway towards
rapid development of metamaterial prototypes, automation of design workflow processes, and physics-informed generative design
processes applicable to electromagnetic systems.
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1 Introduction

Artificially designed metamaterials that are able to absorb
almost all incident radiation at very particular frequencies
have become some of the most promising technologies in
a variety of areas, from Terahertz Imaging [1] and
Wireless Communication [2] to Thermal Management [3]
and Sensing [4]. The mechanism behind this is that the
metamaterial structure causes the incoming wave and the

reflected wave to destructively interfere with each other
and cancel out the reflection completely. This can be
achieved by designing the sub-wavelength resonant
elements within the material to ensure proper interference
based upon the geometry of those elements.

The traditional approach to designing these structures
has been a forward computational process. Designers
enter into electromagnetic simulation software the
geometrical properties of the patch, such as size and
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shape, the properties of the substrate where it will reside,
and the geometric periodicity of the repeating “unit cells”
of which the structure is composed. As a result, the
simulator generates an absorption spectrum representing
how much of the total radiation incident upon the
metamaterial will be absorbed. In order to obtain an
absorption response that meets the desired requirements,
designers typically need to iteratively modify one or more
of the geometric parameters of their structure using either
physical intuition or some form of search algorithm.

Full-wave simulation methods, such as
Finite-Difference Time-Domain (FDTD) [5] and Finite
Element Method (FEM) [6], allow for highly accurate
representations of electromagnetic responses of
metamaterials. However, these types of simulations
require large amounts of computing power, and the time
required to simulate various configurations depends on
both the complexity of the configuration being simulated
and the number of iterations necessary for convergence.

An inverse approach—starting with a specification of
the desired absorption and synthesizing the
geometry—would be substantially faster than iterating
forward simulations. Deep Learning has shown great
potential in mapping highly complex nonlinear
relationships within higher-dimensional input spaces [7].
Surrogate models trained in a neural network framework
provide a 100–1000 times increase in speed over
electromagnetic simulations while providing
near-identical results [8]. However, they still require
iterative optimization to reach a desired design
specification.

Generative models, such as VAEs [9] or GANs [10],
allow us to learn probability distributions over the design
space, enabling random sampling of geometries that meet
target specifications. Conditional variants of generative
models incorporate target properties to guide
generation [11]. This type of model has enabled
innovation in Molecular Design [12], Materials
Discovery [13], and Photonic Structure
Optimization [14].

1.1 Contributions

This work introduces the first Conditional Variational
Auto-Encoder (CVAE) architecture for the inverse design
of Terahertz Metamaterial Absorbers. The specific
contributions are:
(1) Inverse Design Architecture: Development of a
CVAE that maps target absorption coefficients to
geometric parameters (patch width, substrate thickness,
frequency), enabling designers to generate metamaterial
designs directly from performance specifications without
iterative optimization.
(2) Multi-Solution Generation: The probabilistic
generative model provides diverse geometrical
configurations that achieve the same target absorption,
offering multiple implementation options for

multi-objective optimizations based on fabrication
constraints, bandwidth, angular stability, or cost.
(3) Comprehensive Evaluation: Experimental validation
using 1,352 test cases demonstrated an average MAE of
2.34 µm for geometry prediction, with 87% of generated
designs achieving the target absorption within ±3%
tolerance and a 142× speedup over gradient-free
optimization.
(4) Constraint Satisfaction: Integrating fabrication
constraints (minimum feature size, aspect ratio limits)
during the generation process ensures that designed
metamaterials are physically realizable and can be
manufactured directly without post-processing filtering.
(5) Ablation Analysis: Systematic component
contribution studies analyzing the impact of latent
dimensionality, conditioning mechanism, and
reconstruction loss on generation quality provide
architectural insights for physics-informed generative
design.

The rest of this paper is organized as follows.
Section 2 reviews previous works in both metamaterial
inverse design and deep generative models. Section 3
describes the proposed CVAE methodology including
architecture, training protocol, and constraint integration.
Section 4 presents the experimental evaluation. Section 5
contains discussion of results, limitations, and future
directions. Section 6 concludes.

2 Related Work and Background

2.1 Metamaterial Forward Design

Metamaterial absorbers design is typically performed
using a combination of electromagnetic simulation and
optimization algorithms. Landy et al. [15] were among
the first to develop the concept of perfect metamaterial
absorbers that demonstrate nearly complete absorption as
a result of impedance matching to free space. Various
geometric configurations have since been studied,
including split-ring resonators [16], cross-shaped
patterns [17], and multilayer structures [18].

Common optimization approaches include Genetic
Algorithms [19], Particle Swarm Optimization [20], and
Topology Optimization [21]. However, these require
hundreds to thousands of electromagnetic simulations per
design, making them prohibitively computationally
expensive for complex designs. Adjoint-based gradient
methods [22] reduce the number of required simulations
but remain iterative and do not provide diverse solution
sets.

2.2 Deep Learning Surrogates

Neural networks can accurately model the physics of
electromagnetic systems. Peurifoy et al. [23] achieved a
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100,000× speedup for nanophotonic system design by
employing feed-forward networks as surrogate models.
Malkiel et al. [14] showed that tandem neural networks
could be employed for inverse design of plasmonic
nanostructures at high precision (R2 > 0.99). Liu et
al. [24] demonstrated the use of Generative Adversarial
Networks for generating metamaterials. Ma et al. [8]
developed Probabilistic Neural Networks to quantify
uncertainties in electromagnetic predictions. An et
al. [25] used transfer learning and deep learning for
multi-objective optimization of antennae. Although these
examples demonstrate the feasibility of deep learning for
electromagnetics, all still require additional optimization
loops that limit both speed and solution diversity.

2.3 Generative Models

Variational Autoencoders (VAEs) [9] compress data into a
smaller set of latent space variables that can be sampled
and decoded back into the original domain. The
Conditional VAE [11] extends this by conditioning
generation on additional information such as class labels,
attribute values, or desired characteristics. Within
materials science, VAEs have been extremely successful:
Gómez-Bombarelli et al. [12] generated novel drug
candidates by training a VAE on the latent space of
chemical structures; Sanchez-Lengeling et al. [13]
combined VAEs with Gaussian processes for molecular
property optimization; and Noh et al. [29] used VAEs to
generate crystal structures. Kudyshev et al. [30] and Qian
et al. [31] utilized machine learning to optimize photonic
structures using VAEs and GANs, respectively.

2.4 Research Gap

Existing inverse design methods have at least three major
shortcomings: (i) they require iterative optimization
processes even when using a surrogate model; (ii) each
method generates a single solution without producing a
variety of potential designs; and (iii) fabrication
constraints are not considered in the generation process.
Conditional VAEs directly address these problems
through their ability to learn a direct mapping between
target absorption properties and geometries, while
generating multiple acceptable geometric solutions that
satisfy physical constraints.

3 Methodology

3.1 Problem Formulation

We formulate inverse metamaterial design as learning a
conditional generative distribution p(x|y) mapping target
absorption y ∈ [0,1] to geometric parameters x = (w,h, f ),

where w ∈ [20,80] µm is patch width, h ∈ [5,20] µm is
substrate thickness, and f ∈ [5,11] THz is operating
frequency.

Given dataset D = {(xi,yi)}N
i=1 of N = 9,018

geometry-absorption pairs generated via CST Microwave
Studio full-wave finite-element simulation, we train a
conditional variational autoencoder to model p(x|y),
enabling sampling of geometries for target absorptions.

3.2 Conditional VAE Architecture

Figure 1 illustrates our conditional VAE comprising
encoder qφ (z|x,y), decoder pθ (x|z,y), and a conditioning
mechanism that integrates target absorption y into both
encoding and decoding.

3.2.1 Encoder Network

The encoder qφ (z|x,y) maps input geometry x ∈ R3 and
target absorption y ∈ R to an approximate posterior
distribution over latent code z ∈ Rdz , parameterized as
Gaussian:

qφ (z|x,y) = N (z; µφ (x,y), σ
2
φ (x,y) I) (1)

where µφ : R4 → Rdz and σ2
φ

: R4 → Rdz are neural
networks outputting mean and variance.

The encoder architecture implements:

h1 = ReLU(BN(W1[x; y]+b1)) (2)
h2 = ReLU(BN(W2h1 +b2)) (3)
h3 = ReLU(BN(W3h2 +b3)) (4)
µφ =Wµ h3 +bµ (5)

logσ
2
φ =Wσ h3 +bσ (6)

with layer dimensions 4→ 128→ 256→ 512→ dz. Batch
normalization (BN) stabilizes training and ReLU provides
nonlinearity.

3.2.2 Decoder Network

The decoder pθ (x|z,y) reconstructs geometry from latent
sample z∼ qφ (z|x,y) conditioned on absorption y:

pθ (x|z,y) = N (x; µθ (z,y), σ
2
θ I) (7)

The decoder architecture mirrors the encoder:

h̃1 = ReLU(BN(W̃1[z; y]+ b̃1)) (8)

h̃2 = ReLU(BN(W̃2h̃1 + b̃2)) (9)

h̃3 = ReLU(BN(W̃3h̃2 + b̃3)) (10)

x̂ = W̃4h̃3 + b̃4 (11)

with dimensions (dz +1)→ 512→ 256→ 128→ 3.
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Fig. 1: Conditional variational autoencoder architecture for inverse metamaterial design. The encoder maps geometric
parameters x = (w,h, f ) and target absorption y to latent distribution qφ (z|x,y). The decoder reconstructs geometries from
latent samples z∼ qφ (z|x,y) conditioned on target absorption y. During inference, sampling z∼N (0, I) and conditioning
on desired absorption y∗ generates diverse geometric designs achieving target specifications.

3.2.3 Latent Dimensionality

We explore latent dimensions dz ∈ {8,16,32,64}
balancing expressiveness and generalization. Lower dz
provides regularization but may underfit complex
geometries; higher dz enables richer representations but
risks overfitting and posterior collapse [26].

3.3 Training Objective

The VAE optimizes the evidence lower bound (ELBO):

L (θ ,φ ; x,y) = Eqφ (z|x,y)[log pθ (x|z,y)]−DKL(qφ (z|x,y) || p(z))
(12)

where the first term is the reconstruction log-likelihood
and the second term regularizes the posterior toward prior
p(z) = N (0, I).

For continuous geometry parameters, the Gaussian
decoder yields:

log pθ (x|z,y) =−
1

2σ2 ∥x−µθ (z,y)∥2 + const (13)

The KL divergence admits a closed form for Gaussian
distributions:

DKL =
1
2

dz

∑
j=1

(
µ

2
j +σ

2
j − logσ

2
j −1

)
(14)

The complete loss function is:

L =
1
N

N

∑
i=1

[
∥xi− x̂i∥2 +β DKL(qφ (z|xi,yi) ||N (0, I))

]
(15)

where β controls the KL penalty strength. We employ β -
annealing starting at β = 0 and linearly increasing to β = 1
over 100 epochs to prevent posterior collapse [27].

3.4 Fabrication Constraints

Real-world metamaterial fabrication imposes geometric
constraints:

–Minimum feature size: w ≥ 10 µm (lithography
resolution).

–Maximum aspect ratio: w/h≤ 8 (structural stability).
–Frequency bounds: f ∈ [5,11] THz (measurement

range).

We integrate constraints through two mechanisms:
Soft constraints via penalty loss:

Lconstraint = λ1 max(0, 10−w)+λ2 max(0, w/h−8)
(16)

Hard constraints via projected gradient descent,
projecting generated parameters onto the feasible region
after each generation step.

3.5 Training Protocol

We train using the Adam optimizer [28] with learning rate
η = 10−3, batch size B = 128, for 500 epochs with early
stopping (patience 50 epochs) monitoring validation loss.
Data augmentation includes Gaussian noise (σ = 0.01) on
geometry parameters to improve robustness.

The 9,018-sample dataset is split 70% training (6,313
samples), 15% validation (1,353 samples), 15% test
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(1,352 samples) using stratified sampling based on
absorption magnitude quintiles.

3.6 Generation Process

Inverse design proceeds via:

1.Specify target absorption y∗ ∈ [0,1].
2.Sample latent code z∼N (0, I).
3.Generate geometry x̂ = µθ (z,y∗).
4.Apply constraint projection.
5.Verify via forward simulation (optional).

Multiple samples from the latent prior produce diverse
designs for identical targets.

4 Experimental Evaluation

4.1 Implementation Details

Implementation uses PyTorch 2.0 on an NVIDIA A100
GPU (40 GB memory). Training requires 3.2 hours for
500 epochs. Inference generates 1,000 designs per second
enabling real-time interactive design.

4.2 Evaluation Metrics

We evaluate using: (i) Geometry reconstruction: MAE
and MSE between true and reconstructed geometries;
(ii) Absorption accuracy: percentage of generated
designs achieving target absorption within ±3%
tolerance; (iii) Diversity: standard deviation of generated
geometries for identical targets; and (iv) Constraint
satisfaction: percentage of generations satisfying
fabrication constraints without post-processing.

4.3 Reconstruction Quality

Table 1 presents reconstruction performance across latent
dimensions.

Table 1: Reconstruction quality across latent dimensions.
Optimal performance is achieved at dz = 32 balancing
accuracy and generalization.

Latent dim dz MAE (µm) MSE R2 KL div

8 3.82 24.61 0.9542 1.23
16 2.89 14.37 0.9731 2.87
32 2.34 9.82 0.9876 4.56
64 2.41 10.19 0.9869 8.92

CNN Forward – – 0.9995 –

Latent dimensionality significantly influences
generation fidelity. At dz = 8, the compressed
representation was insufficient, yielding MAE = 3.82 µm
and R2 = 0.9542. Increasing to dz = 16 reduced MAE to
2.89 µm (R2 = 0.9731), demonstrating that increased
latent capacity captures geometric variability more
accurately. The highest accuracy occurred at dz = 32:
MAE = 2.34 µm and R2 = 0.9876 (98.76% of variance
explained), only 1.19 percentage points below the
forward prediction model (R2 = 0.9995). Increasing
beyond 32 dimensions yielded no improvement (dz = 64:
MAE = 2.41 µm, R2 = 0.9869), confirming that the
32-dimensional latent space sufficiently captures
geometric variations without overfitting. The KL
divergence progression (1.23 → 2.87 → 4.56 → 8.92)
reflects the increased mismatch between posterior and
prior as dimensionality grows.

4.4 Generation Accuracy

Figure 2 visualizes generated geometries versus targets
across absorption ranges.

Table 2 quantifies accuracy across absorption regimes.

Table 2: Generation accuracy stratified by target
absorption regime. Performance degrades slightly for low
absorption (A < 0.3) where the solution space is less
constrained.

Absorption range MAE
(µm)

Hit rate
(%)

Diversity
(σ )

A < 0.3 (Low) 3.12 79.3 8.7
0.3≤ A < 0.7 (Mid) 2.28 88.6 6.2
A≥ 0.7 (High) 1.89 91.4 4.3

Overall 2.34 87.1 6.8

Low absorption (A < 0.3) yields the lowest accuracy
(MAE = 3.12 µm, hit rate = 79.3%) because many
off-resonance geometric combinations produce small
absorption values, increasing inverse-problem ambiguity.
Mid-range absorption (0.3 ≤ A < 0.7) approaches the
mean performance (MAE = 2.28 µm, hit rate = 88.6%).
High absorption (A ≥ 0.7) achieves the best accuracy
(MAE = 1.89 µm, hit rate = 91.4%) because resonance
constraints restrict geometry to a narrower region,
reducing ambiguity.

4.5 Diversity Analysis

A key advantage over optimization is generating multiple
solutions for identical targets. Figure 3 shows diverse
designs for a fixed absorption target.
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Fig. 2: Generation accuracy scatter plot showing generated patch width (left), substrate thickness (middle), and frequency
(right) versus ground truth for 1,352 test cases. Color indicates target absorption magnitude. Tight clustering around the
identity line demonstrates accurate inverse mapping with overall MAE = 2.34 µm.

Fig. 3: Solution diversity for target absorption A = 0.85.
Ten independent samples from latent prior z ∼ N (0, I)
generate distinct geometries (markers) all achieving A ∈
[0.82,0.88] (shaded region). Diversity enables multi-
objective selection considering bandwidth, fabrication
cost, or angular stability.

For target A = 0.85, 100 generated samples produce
standard deviations σw = 4.3 µm, σh = 1.8 µm,
σ f = 0.6 THz, demonstrating substantial variation while
maintaining target absorption.

4.6 Comparison with Optimization

Table 3 compares the CVAE against optimization
baselines.

Particle swarm optimization achieves excellent
accuracy (MAE = 1.82 µm, 94.1% hit rate) but requires
185.2 seconds per design averaged over 50 runs. Genetic
algorithms demand even longer (237.8 s), and Bayesian

optimization consumes 312.5 s through expensive
Gaussian process updates. In contrast, CVAE generates
designs in 1.3 seconds—a 142× speedup over PSO and
240× over Bayesian optimization—through amortized
learning. The marginally higher error (MAE = 2.34 µm)
and lower hit rate (87.1%) represent acceptable tradeoffs
given the dramatic speed advantage and unique ability to
generate diverse solutions.

4.7 Constraint Satisfaction

Table 4 evaluates fabrication constraint satisfaction.
Soft penalty losses achieve reasonable but imperfect

satisfaction (87.9% jointly). Hard projection—projecting
generated parameters onto the feasible constraint region
via x̂ ← projC (x̂)—guarantees 100% compliance with
negligible computational overhead (<0.1 ms per design).
We recommend combining both: soft penalties during
training bias the model toward feasible regions, while
hard projection at inference guarantees compliance.

4.8 Ablation Studies

Table 5 quantifies architectural component contributions.
Removing the conditioning mechanism causes the

most catastrophic performance degradation
(MAE = 5.67 µm, hit rate = 62.3%), confirming that
conditional generation is essential. Without access to
target absorption information, the model learns the
marginal geometric distribution p(x) rather than the
conditional p(x|y). Removing β -annealing results in
MAE = 3.89 µm and hit rate = 74.8% due to posterior
collapse from aggressive early KL regularization.
Removing batch normalization yields MAE = 2.91 µm
and 82.4% hit rate, illustrating its role in stable gradient
propagation. Training with fixed β = 1
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Table 3: Comparison of CVAE inverse design versus optimization-based approaches. CVAE provides a 142× speedup
with comparable accuracy while generating diverse solutions unavailable to deterministic optimization.

Method Time (s) MAE (µm) Hit rate (%) Diversity Gradient-free

Particle Swarm Opt. 185.2 1.82 94.1 Single Yes
Genetic Algorithm 237.8 2.03 91.7 Population Yes
Gradient Descent 94.6 1.54 96.3 Single No
Bayesian Optimization 312.5 1.91 93.8 Single Yes

CVAE (Ours) 1.3 2.34 87.1 Multiple Yes

Table 4: Fabrication constraint satisfaction rates with and
without penalty losses and projection. Hard projection
ensures 100% compliance.

Constraint type Soft penalty Hard projection

Min. feature (w≥ 10 µm) 94.3% 100%
Aspect ratio (w/h≤ 8) 91.7% 100%
Frequency bounds 98.2% 100%

All constraints 87.9% 100%

Table 5: Ablation study results. Conditioning mechanism
and β -annealing prove critical for generation quality.

Configuration MAE (µm) Hit rate (%)

Full model 2.34 87.1
w/o conditioning 5.67 62.3
w/o β -annealing 3.89 74.8
w/o batch norm 2.91 82.4
Fixed β = 1 4.12 71.2

(MAE = 4.12 µm, 71.2% hit rate) confirms that some
form of regularization scheduling is essential for
balancing reconstruction accuracy and latent space
regularization.

5 Discussion

5.1 Advantages and Impact

The proposed CVAE system provides three distinct
advantages. (1) Immediate reverse mapping: A single
forward pass generates an absorption geometry directly
from a target absorption specification, enabling real-time
interactive design. (2) Solution diversity: The
probabilistic generation process produces many different
solutions for given objectives, allowing multi-objective
selection based on secondary criteria such as bandwidth,
manufacturing cost, or angular stability that cannot be
determined at generation time. (3) Constraints in the
design loop: By incorporating manufacturing constraints
within the network, all generated designs are immediately
fabricable, eliminating the need for post-generation
filtering.

Compared to optimization-based approaches (142×
speedup), the CVAE enables comprehensive exploration
of design spaces previously too large to evaluate (1,000
designs in 1.3 s versus 3 days using PSO), rapid
design-fabricate-test iteration (hours rather than weeks),
and interactive tools that provide novice designers with
immediate feedback.

5.2 Limitations and Future Work

Several limitations of the current formulation warrant
acknowledgment.
(1) Single-frequency target geometry generation: The
current implementation generates geometry for a single
absorption band. Broadband or multi-frequency designs
require extending the conditioning mechanism to handle
absorption spectra y( f ) rather than scalar values.
(2) Limited geometric design space: Training on patch
absorber designs restricts generation to this geometric
class. Expanding to multilayer structures, complex unit
cell designs, and metamaterial surfaces would require
larger datasets and suitable latent representations (e.g.,
graph VAEs for general topologies).
(3) Forward model approximation: Verification uses a
neural surrogate rather than full-wave simulation. Critical
applications should include electromagnetic simulation for
final validation.
(4) Computational requirements of training data:
Training requires 9,018 simulation samples with
considerable upfront cost. Transfer learning or
physics-informed neural networks could reduce this
requirement.

Future research directions include multi-objective
CVAEs for simultaneous optimization of absorption,
bandwidth, and angle; uncertainty quantification via
ensembles or Bayesian neural networks; active learning to
minimize required data; topology optimization via graph
VAEs or implicit neural representations; and experimental
validation of fabricated structures using electron beam
lithography and THz time-domain spectroscopy.

5.3 Broader Implications

The physics-informed inverse design framework
generalizes beyond metamaterials to any domain where
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computationally expensive simulations exist alongside
available training data, including electromagnetic
antennas, photonic crystals, acoustic metamaterials, and
thermal management devices. The shift from design
optimization to design generation parallels similar
transitions in molecular design and materials science and
is expected to expand as cloud computing resources and
pre-trained surrogate models become more widely
accessible [32].

6 Conclusion

We introduced a conditional variational autoencoder
(CVAE) framework for inverse design of terahertz
metamaterial absorbers, providing an efficient method for
learning direct mappings from target absorption values to
geometric parameters. Using data from 9,018 full-wave
electromagnetic simulations, the framework achieves a
mean absolute error of 2.34 µm in geometry prediction,
with 87% of generated geometries achieving the target
absorption within ±3% tolerance.

The CVAE provides a 142× speedup over particle
swarm optimization while generating diverse solution
geometries unavailable to deterministic methods, with all
generated geometries satisfying fabrication constraints.
The work demonstrates the feasibility of applying deep
generative models to efficiently generate metamaterial
prototypes, automate design workflows, and incorporate
physical knowledge into inverse design. The framework
readily extends to other electromagnetic and optical
devices, positioning generative AI as a transformative tool
for computational engineers.

Future work will extend the methodology to
multi-frequency targets, topologically complex
geometries, and experimental verification of generated
structures using nanofabrication and terahertz
spectroscopy.
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