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  Abstract 
The inverse design of terahertz (THz) electromagnetically induced transparency 
(EIT) metamaterials is complicated by high-dimensional parameter spaces and 
complex spectral mappings. While deep learning has emerged as a potent tool for 
addressing these issues, the suitability of distinct neural architectures under da-
ta-constrained conditions remains underexplored. Focusing on EIT spectra char-
acterized by long-range frequency dependencies, this study compares the inverse 
design performance of the Fully Connected Residual Network (FC-ResNet), which 
leverages local inductive biases, against the Transformer architecture, which re-
lies on global self-attention mechanisms. We evaluated these models using a 
comprehensive dataset of 20,476 samples and a restricted dataset of only 500 
samples. The results demonstrate that in data-rich environments, both architec-
tures achieve exceptional accuracy (R² > 0.99), indicating that architectural dif-
ferences do not constitute a bottleneck when data is abundant. However, in 
small-sample regimes—simulating scenarios with scarce experimental data—the 
FC-ResNet exhibits significantly superior generalization capabilities compared to 
the Transformer. Our findings suggest that while Transformers offer global mod-
eling potential, they are prone to overfitting when data is limited; conversely, the 
structural priors of the FC-ResNet provide essential regularization in such con-
texts. This work offers empirical guidance for selecting architectures in the intel-
ligent design of metamaterials where data availability is a limiting factor 
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1. Introduction  

Situated between the microwave and infrared regions, the terahertz (THz) band 
holds significant potential for next-generation high-speed wireless communications, 
non-destructive testing, and biochemical sensing, owing to its unique spectral fin-
gerprinting capabilities and transparency to non-polar materials [1-3]. However, the 
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development of high-performance functional devices is often hindered by the weak 
electromagnetic response of naturally occurring materials in this frequency range. 
Metamaterials—artificial composite structures formed by periodically arranged 
sub-wavelength units—offer the degrees of freedom necessary to tailor the ampli-
tude, phase, and polarization of electromagnetic waves [4,5]. In particular, Electro-
magnetically Induced Transparency (EIT) metamaterials are widely used in 
high-sensitivity refractive index sensing and slow-light device design. By mimicking 
quantum interference effects found in atomic systems, they generate an extremely 
narrow transparency window within a broadband absorption background [6-9]. 
While the physical mechanisms governing EIT metamaterials are well understood, 
their inverse design—deducing geometric parameters from a target spec-
trum—remains a classic non-convex and ill-posed problem. Since the EIT effect 
arises from near-field coupling between bright and dark modes, even minute per-
turbations in structural parameters can precipitate drastic changes in the spectral 
lineshape [10]. Traditional design approaches typically rely on parameter sweeps or 
heuristic algorithms such as Genetic Algorithms (GA) or Particle Swarm Optimiza-
tion (PSO). These methods often require thousands of iterative calculations using 
full-wave electromagnetic simulation solvers (e.g., FDTD or FEM), resulting in pro-
hibitive computational costs without guaranteeing convergence to a global optimum 
[11-13]. 
In recent years, Deep Learning (DL) has significantly accelerated the on-demand de-
sign of metamaterials by establishing data-driven surrogate models [14-16]. While 
Convolutional Neural Networks (CNN) dominate tasks involving topological pattern 
generation, the parameterized inverse design task addressed in this study involves 
discrete frequency-transmittance spectra as input. Inherently, this data constitutes a 
one-dimensional (1D) sequence rather than a two-dimensional image; consequently, 
directly applying convolutional layers designed for spatial feature extraction is not 
optimal. To address these data characteristics, the Fully Connected Residual Net-
work (FC-ResNet) has been proposed and validated [17-20]. By incorporating re-
sidual learning into the Multi-Layer Perceptron (MLP), the FC-ResNet retains the ef-
ficiency of fully connected layers in processing 1D vectors while overcoming deep 
network degradation via shortcut connections, establishing itself as a benchmark 
model for spectral regression tasks. 
Concurrently, in the realm of sequence data processing, the Transformer architec-
ture—based on self-attention mechanisms—has achieved breakthrough success in 
natural language processing and is increasingly being applied to the physical sci-
ences [21-23]. Unlike the FC-ResNet, which relies on fixed-weight hierarchical map-
ping, the Transformer dynamically calculates correlation weights between any two 
frequency points in a sequence. Theoretically, this makes it superior at capturing the 
long-range physical coupling features inherent in EIT spectra, such as the interac-
tions between distinct resonant modes [24]. However, existing comparative studies 
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predominantly rely on massive datasets, often overlooking the "data scarcity" di-
lemma ubiquitous in scientific research. In practical scenarios where high-fidelity 
simulation or experimental data is costly to obtain, a model's generalization capabil-
ity under small-sample conditions is often more practically valuable than its as-
ymptotic accuracy with abundant data [25]. 
Addressing these issues, this study systematically evaluates the suitability of the 
FC-ResNet and Transformer architectures for the inverse design of THz EIT met-
amaterials. We specifically focus on the distinct inductive biases exhibited by these 
models when processing 1D spectral sequences. By analyzing training dynamics and 
generalization loss across both large-scale and small-scale datasets, we elucidate the 
relationship between model architecture and data availability. Our results indicate 
that while the Transformer possesses a theoretical advantage in capturing global 
dependencies, it is highly prone to overfitting in small-sample regimes. Conversely, 
the FC-ResNet, leveraging its structural priors, demonstrates superior data efficien-
cy and physical robustness when data is limited. 

2. Theory and Methods  

This study utilizes a classic EIT metamaterial structure as the physical validation 
platform, with the unit cell geometry illustrated in Figure 1. The structure consists 
of an aluminum metallic pattern on a silicon substrate, comprising a continuous 
metal wire acting as the "bright mode" and an asymmetric double U-shaped resona-
tor (SRR) functioning as the "dark mode." Under normal incidence of y-polarized 
Thz waves, the bright mode is directly excited to yield a broadband response. It 
subsequently excites the dark mode via near-field coupling; the resulting destruc-
tive interference generates a sharp transparency window within the transmission 
spectrum. 
To characterize the electromagnetic response, we developed a full-wave simulation 
model utilizing the Time Domain Solver in CST Studio Suite. In the simulation setup, 
a plane wave propagating along the z-axis served as the excitation source. To simu-
late an infinite two-dimensional periodic array and eliminate boundary reflections, 
we applied periodic boundary conditions ("Unit Cell") along the x- and y-directions, 
while assigning open boundary conditions ("Open Add Space") along the z-direction. 
We selected five key geometric parameters as design variables: the metal wire 
length L, SRR side length l, line width w, gap size g, and the separation distance s. By 
performing parameter sweeps within physically reasonable ranges, we generated a 
total of 20,476 geometry-spectrum sample pairs. The input spectral data was sam-
pled at 501 frequency points ranging from 0.5 THz to 1.0 THz; these were integrated 
with frequency indices to construct a 1,002-dimensional 1D feature vector. To in-
vestigate the impact of data scale, we partitioned the data into a "large dataset," 
comprising all generated samples, and a "small dataset" consisting of only 500 ran-
domly selected samples. The latter was designed to replicate authentic research 
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scenarios characterized by a scarcity of experimental data. 

 
Figure 1. Schematic of the Thz EIT metamaterial and simulation setup. (a) Top view of the 
unit cell, consisting of a continuous metal wire (bright mode) and a pair of asymmetric 
split-ring resonators (dark mode). Key geometric parameters (L,s,w,g,I) are labeled. (b) 3D 
perspective view illustrating the excitation by a y-polarized plane wave, with periodic 
boundary conditions in the x-y plane and open boundary conditions in the z-direction. 
To address the inherent 1D sequential nature of the spectral data, we constructed 
the FC-ResNet architecture, as illustrated in Figure 2 Distinct from convolutional 
networks typically used for image processing, this model employs a cus-
tom-designed ResidualFC block. By integrating linear layers with shortcut connec-
tions, this design effectively mitigates the gradient degradation often encountered in 
deep networks. To prevent overfitting during small-sample training, we incorpo-
rated a Dropout layer with a rate of 0.2 within the residual blocks. In terms of over-
all topology, the network adopts a "funnel-like" design: high-dimensional input 
spectral features traverse a stack of 14 residual blocks where the number of chan-
nels is progressively reduced, culminating in the output of the five geometric pa-
rameters via a regression head. This hierarchical process of dimensionality reduc-
tion imposes a local inductive bias, guiding the model to strip away redundant noise 
and extract essential physical features. 
To evaluate distinct architectural characteristics, we developed a Transformer mod-
el based on self-attention mechanisms, as illustrated in Figure 3 Recognizing the 
long-range physical couplings among resonant modes inherent in EIT spectra, the 
Transformer utilizes a Multi-Head Self-Attention mechanism to dynamically capture 
these non-local dependencies. The core attention computation is defined by Equa-
tion (1): 

 tt ( , , ) max( )=
T

k

QKA ention Q K V soft
d

 (1) 
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Here, Q, K, and V denote the query, key, and value matrices, respectively, while kd
serves as the scaling factor. The data processing pipeline proceeds as follows: the 
input spectrum is first mapped via an embedding layer and concatenated with a 
learnable classification token ([CLS] token) and positional encodings. Subsequently, 
the sequence enters a stack comprising four encoder layers. Ultimately, the model 
extracts solely the output vector of the [CLS] token, mapping it to the predicted pa-
rameters via a MLP. This architectural design significantly relaxes structural con-
straints, endowing the model with enhanced global representation capabilities. 

 
Figure 2. Architecture of the proposed FC-ResNet model for inverse design. (a) Detailed 
structure of the ResidualFC block, which incorporates Batch Normalization (BN), PReLU 
activation, and Dropout for regularization. (b) The overall network topology, featuring a 
"funnel-shaped" structure that progressively reduces feature dimensionality from the input 
spectrum to the output geometric parameters. 
 

Figure 3. Architecture of the Transformer-based model utilizing self-attention mechanisms. 
The input spectrum is first mapped via embedding layers and combined with a learnable [CLS] 
token and positional encodings. The sequence is then processed by a stack of Transformer 
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encoder layers to capture long-range spectral dependencies, finally predicting structure 
parameters through an MLP head. 
All models were evaluated within a unified training framework. To eliminate scale 
discrepancies, both input spectra and output parameters were standardized using 
the RobustScaler. During training, Mean Squared Error (MSE) was employed as the 
loss function to quantify the Euclidean distance between the network-predicted pa-
rameters and the ground truth geometric parameters. We utilized the AdamW opti-
mizer paired with a cosine annealing learning rate scheduler; the initial learning 
rate was set to 5 × 10−4 for the FC-ResNet and 5 × 10−5 for the Transformer. 
Furthermore, to achieve closed-loop validation of the inverse design, we pre-trained 
a high-precision forward prediction surrogate model to rapidly verify the physical 
response of the structures generated by the inverse models. 

3. Results and Discussion  

To establish a performance benchmark for deep neural networks in the inverse de-
sign of THz metamaterials, we conducted comprehensive training and evaluation of 
the FC-ResNet and Transformer models using the full dataset of 20,476 samples. 
This phase was designed to validate the non-linear feature extraction capabilities of 
both architectures under data-rich conditions. Table 1 details the quantitative eval-
uation metrics for both models on the test set. The results indicate that given ideal 
data availability, both architectures achieve exceptional prediction accuracy. The 
FC-ResNet attained a remarkable R2 of 0.9997, with the Transformer following 
closely at 0.9992. Regarding the Mean Squared Error (MSE), both models converged 
to the order of 10−4 , implying that the deviation between predicted and 
ground-truth geometric parameters falls well below standard micro- and nanofab-
rication tolerances. 
Table 1. Quantitative performance comparison on the large dataset. 

Model Architecture R² Score MSE  MAE 

FC-ResNet 0.9997 0.0003 0.0139 
Transformer 0.9992 0.001250 0.019946 

 

To visually validate the prediction results from a physical perspective, we randomly 
selected a sample exhibiting typical EIT characteristics from the test set. Using the 
trained inverse models, we predicted its geometric structure and subsequently fed 
these parameters into the forward surrogate model to reconstruct the spectrum. 
The comparative results are depicted in Figure 4. It is evident that the spectra re-
constructed by both the FC-ResNet (red dashed line) and the Transformer (blue 
dotted line) achieve a near-perfect overlap with the target spectrum (black solid 
line). Specifically, key features—including the center frequency of the transparency 
window, the intensity of the transmission peak, and the asymmetric absorption dips 
flanking the peak arising from bright-dark mode coupling—are accurately repro-
duced. These results compellingly demonstrate that when training data sufficiently 
covers the high-dimensional parameter space, the choice of neural network archi-
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tecture is not the primary factor limiting inverse design accuracy. Both the residual 
network, relying on local feature extraction, and the Transformer, based on global 
attention mechanisms, possess sufficient model capacity to accurately approximate 
the complex mappings governing electromagnetic responses. 

 

Figure 4. Comparison of inverse design performance on the large dataset. The spectra 
reconstructed by both FC-ResNet (red dashed line) and Transformer (blue dotted line) show 
excellent agreement with the target spectrum. 
While the performance on the large dataset is impressive, acquiring tens of thou-
sands of labeled data points for practical optical experiments or high-precision 
full-wave simulations is often prohibitively time-consuming and costly. Conse-
quently, evaluating model performance under "small-sample" conditions holds 
greater practical relevance. To address this, we retained only 2.5% of the original 
dataset (totaling 500 samples)—split evenly into 250 for training and 250 for test-
ing—and retrained both models from scratch. In this data-constrained scenario, the 
performance of the two models exhibited significant divergence. As shown in Table 
2, the FC-ResNet demonstrated remarkable data efficiency; its R2 score remained 
high at 0.9086, while the MSE rose only slightly to 0.0544, indicating that it remains 
capable of accurately predicting structural parameters within a general range. In 
contrast, the Transformer suffered severe performance degradation. Its R2 dropped 
to 0.6089 and the MSE surged to 0.2874, suggesting that its predictions contain sub-
stantial random errors and fail to meet the requirements for precise design 
Table 2. Quantitative performance comparison on the small dataset 

Model Architecture R² Score MSE  MAE 

FC-ResNet 0.9086 0.0544 0.1225 

Transformer 0.6089 0.287405 0.403955 
 

To elucidate the underlying mechanisms driving this performance divergence, we 
detailed the loss function trajectories during training, as depicted in Figure 5. These 
"learning curves" reveal starkly contrasting training dynamics between the two ar-
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chitectures. As observed in the Transformer curves in Figure 5(a), the training loss 
rapidly descends to near-zero within the initial epochs. This indicates that the model, 
leveraging its extensive parameter space, easily resorted to rote memorization of 
the training samples. However, the testing loss, following a brief decline, plateaued 
at a high magnitude and even exhibited oscillations in the later stages. This substan-
tial discrepancy between training and testing errors—the "generalization 
gap"—confirms that the Transformer succumbed to severe overfitting in the 
small-sample regime. Lacking intrinsic assumptions regarding data locality (a char-
acteristic reflecting weak inductive bias), the self-attention mechanism requires 
massive datasets to discern physical laws; without them, it is prone to fitting noise. 
In sharp contrast, Figure 5(b) demonstrates that the test loss of the FC-ResNet 
closely tracks the decline of the training loss. This superior generalization is at-
tributed to the strong inductive bias embedded within its architecture: the hierar-
chical structure and residual connections of the FC-ResNet implicitly encode the 
prior assumption that features should be abstracted hierarchically and evolve 
smoothly. Such structural constraints serve as potent regularization, compelling the 
model to disregard noise during data scarcity and focus on learning the core fea-
tures governing EIT physics. 
 

Figure 5. Analysis of training dynamics on the small dataset. (a) Loss curves for the 
Transformer model show a rapid decrease in training loss but a stagnant testing loss, 
revealing a large generalization gap and severe overfitting. (b) Loss curves for the FC-ResNet 
model demonstrate a consistent correlation between training and testing losses, indicating 
robust generalization capabilities attributed to its structural inductive bias. 
For metamaterial designers, statistical metrics are merely indicative; the physical 
validity of the final design constitutes the ultimate criterion. To ascertain the prac-
tical utility of the FC-ResNet in small-sample scenarios, we conducted a physical 
closed-loop validation. We fed the geometric parameters predicted by the FC-ResNet 
(trained on the limited dataset) into the forward surrogate model to assess the cor-
responding spectral response. As illustrated in Figure 6, despite a 97.5% reduction 
in training data, the structure inversely designed by the FC-ResNet (red curve) re-
produced the key features of the target spectrum (black curve) with remarkable ac-
curacy. Of particular note is the transparency window—the feature most sensitive 



Peng Xu. Shuang Wang 
 

 

DOI:10.63313/AERpc.9062 9 Advances in Engineering Research : Possibilities and Challenges 
 

to the EIT effect—where the model's prediction exhibited negligible deviation. This 
finding provides a critical empirical basis for establishing data-efficient photonics 
design platforms: when confronting real-world scenarios with high data acquisition 
costs, selecting the FC-ResNet—with its appropriate inductive bias and compact 
structure—offers greater engineering utility than the blind pursuit of complex 
Transformer models. 

 
Figure 6. Closed-loop physical verification of the FC-ResNet model trained on the small 
dataset. Despite the scarcity of training data, the reconstructed spectrum closely matches the 
target EIT resonance peak and bandwidth, confirming the model's practical utility for 
data-limited inverse design. 

4. Conclusion  

Focusing on Thz EIT metamaterials characterized by complex physical coupling 
mechanisms, this study systematically evaluates and compares the suitability of the 
FC-ResNet, which relies on local inductive biases, against the Transformer architec-
ture, grounded in global attention mechanisms, for inverse design tasks. Through 
comprehensive validation across both large-scale and small-scale datasets, we elu-
cidate the intrinsic interplay among neural network architecture, data volume, and 
design performance. 
The results indicate that under ideal conditions with abundant training data, archi-
tectural differences do not constitute a bottleneck limiting performance. Both the 
FC-ResNet and the Transformer are capable of establishing high-precision spec-
trum-structure mappings, achieving accurate reconstruction of EIT transparency 
windows and quality factors. However, under data-scarce conditions that more 
closely mirror real-world research scenarios, the two models exhibit starkly distinct 
learning behaviors. Lacking structural prior constraints, the Transformer demon-
strates a pronounced "data hunger"; in small-sample training regimes, it is highly 
prone to severe overfitting, resulting in a significant deterioration of generalization 
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capability. Conversely, by virtue of the strong inductive bias implicit in its residual 
connections and hierarchical structure, the FC-ResNet maintains high prediction re-
liability and physical robustness even in extreme scenarios where data is minimal. 
In summary, this study confirms that in the inverse design of photonics, the blind 
pursuit of complex attention-based models is not always the optimal solution. For 
design tasks contingent upon high-cost experiments or high-fidelity full-wave simu-
lations, selecting the FC-ResNet—characterized by appropriate inductive biases and 
a compact structure—often yields greater data efficiency and engineering utility 
than the Transformer. This finding not only delineates the applicability boundaries 
of different deep learning architectures in metamaterial design but also provides 
critical empirical evidence and strategic guidance for the future development of 
low-cost, high-efficiency platforms for intelligent Thz device design. 
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