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Abstract

Metasurfaces are ultrathin, engineered materials composed
of nanostructures that manipulate light in ways unattainable
by natural materials. Recent advances have leveraged com-
putational optimization, machine learning, and deep learn-
ing to automate their design. However, existing approaches
exhibit two fundamental limitations: (1) they often restrict
the model to generating only a subset of design parame-
ters, and (2) they rely on heavily downsampled spectral tar-
gets, which compromises both the novelty and accuracy of
the resulting structures. The core challenge lies in develop-
ing a generative model capable of exploring a large, uncon-
strained design space while precisely capturing the intricate
physical relationships between material parameters and their
high-resolution spectral responses. In this paper, we introduce
MetaDiT, a novel framework for high-fidelity metasurface
design that addresses these limitations. Our approach lever-
ages a robust spectrum encoder pretrained with contrastive
learning, providing strong conditional guidance to a Diffu-
sion Transformer-based backbone. Experiments demonstrate
that MetaDiT outperforms existing baselines in spectral ac-
curacy, we further validate our method through extensive ab-
lation studies.

Code — https://github.com/JessePrince/metadit
arXiv — https://arxiv.org/abs/2508.05076

1 Introduction
Metasurfaces are ultrathin, engineered materials composed
of nanostructures that manipulate light in ways natural
materials cannot (Jeong, Kim, and Lee 2024; Koshelev
et al. 2023, 2018). Unlike bulky traditional optics (e.g.,
lenses), metasurfaces achieve precise wave control at sub-
wavelength scales (Kildishev, Boltasseva, and Shalaev 2013;
Khorasaninejad and Capasso 2017), enabling applications
like ultracompact cameras (Kim et al. 2024; Park et al.
2024), AR/VR displays (Aththanayake et al. 2025; Tian
et al. 2025), communications (Xu et al. 2025; Fu et al.
2025) and optical computing (Zhou et al. 2024; Hu et al.
2024). However, designing these materials is challenging
due to their high-dimensional parameter space. Traditional
approaches rely heavily on human intuition and iterative
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Figure 1: Illustration of metasurface material and the unit
cell. The color represents different refractive index.

trial-and-error, which are often inefficient and suboptimal.
To overcome these limitations, researchers have turned to
inverse design methods: leveraging computational optimiza-
tion (Wang, Zhao, and Zhang 2023; Li, Lin, and Hsu 2023)
and machine learning (Al-Zawqari, Vandersteen, and Fer-
ranti 2023; Tian et al. 2024; Chen et al. 2025) to discover
metasurface structures that achieve target electromagnetic
(EM) responses. These techniques not only accelerate the
design process but also enable the discovery of novel con-
figurations. Inverse design thus serves as a critical pathway
toward scalable and optimized metasurface engineering.

Recent advances in artificial intelligence have spurred sig-
nificant interest in applying deep learning models to in-
verse design problems (Tanriover et al. 2022; Yang et al.
2025; Dong et al. 2025; Saifullah et al. 2025). Over the
past decade, we have witnessed remarkable progress in this
area, particularly with the emergence of generative models
such as generative adversarial networks (GANs) (Goodfel-
low et al. 2014; Liu et al. 2018; So and Rho 2019; Ye-
ung et al. 2021), variational autoencoders (VAEs) (Kingma,
Welling et al. 2013; Tran, Nanthakumar, and Zhuang 2025;
Kojima et al. 2023), and diffusion models (Ho, Jain, and
Abbeel 2020; Niu, Phaneuf, and Mojabi 2023; Zhang et al.
2023, 2024). These approaches have enabled the generation
of multiple solutions for novel material designs that meet de-
sired optical behaviors, proving to be a powerful engine for
creating novel metasurface materials.

Designing metasurfaces are designing their constituent
materials, geometric configurations, and structural parame-
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ters. While recent advances have leveraged powerful gen-
erative models for metasurface design, we identify two
critical limitations in the current paradigm. First, prior
works (Zhang et al. 2023, 2024; Seo et al. 2025; Niu, Pha-
neuf, and Mojabi 2023) typically formulate the design task
as a conditional generation problem, wherein key attributes,
such as meta-atom thickness and lattice constants are manu-
ally fixed. This effectively reduces the model’s role to map-
ping a target EM response to a geometry within a con-
strained, pre-selected subspace, thereby limiting the diver-
sity and novelty of generated designs. Second, these ap-
proaches often rely on heavily downsampled target spec-
tra (e.g. 12x downsampled in (Zhang et al. 2023)), which
simplifies the optimization objective but compromises the
physical fidelity of the resulting structures. Although low re-
construction error may be achieved on the coarse target, the
final designs can exhibit undesirable frequency-dependent
behaviors. We argue that the core challenge lies in develop-
ing a high-capacity generative model that can operate over
a large, unconstrained design space while faithfully captur-
ing the underlying physical relationships between mate-
rial parameters and their high-resolution spectral responses,
as governed by Maxwell’s equations. This leads us to the
central question of our work:

How can we develop a generative framework that
simultaneously optimizes all design parameters while

precisely satisfying high-resolution spectral constraints?

In this paper, we propose MetaDiT, a novel generative
framework to address these limitations. We first develop
a spectrum encoder equipped with sequence attention and
channel attention mechanisms to extract rich semantic fea-
tures from input spectra. To align spectral and structural rep-
resentations, the encoder is trained using a contrastive learn-
ing objective alongside a Vision Transformer (ViT) (Doso-
vitskiy et al. 2020) that processes material geometries. Sub-
sequently, we encode the metasurface material design as an
image with three channels, and the pretrained spectrum en-
coder is leveraged to guide a Diffusion Transformer (DiT)
based (Peebles and Xie 2023) diffusion model for material
generation. To enable fine-grained conditioning, we intro-
duce a coarse-to-fine conditioning scheme: the coarse spec-
tral embedding is injected via adaLN (Perez et al. 2018),
while the fine-grained embedding is concatenated with im-
age tokens, facilitating in-context learning through self-
attention. Furthermore, we employ the Accumulated Abso-
lute Error (AAE) to capture localized failures that may be
overlooked by conventional averaging metrics. We also in-
troduce the AAE&K metric, defined as the maximum AAE
over K independently generated designs for a given target
spectrum, to assess the model’s consistency in producing di-
verse yet accurate solutions.

Experimental results show that MetaDiT significantly
outperforms existing methods in designing novel metasur-
face materials with all variable parameters in dataset and
fine-grained spectral targets. Specifically, MetaDiT reduces
MAE and AAE by 52.2% compared to a vanilla DiT base-
line, and surpasses MetaDiff (Zhang et al. 2023), a model
specifically designed for metasurface generation, by 39.1%.

We conduct comprehensive ablation studies to assess the
impact of each component in MetaDiT, confirming the ef-
fectiveness of our architectural design and training strategy.
Moreover, we explore the scalability of MetaDiT: Can we
obtain better performance by increasing model capacity?

Our contributions can be summarized as follows:
• We propose MetaDiT, a novel method that generates

design parameters under high-resolution spectral con-
straints, with the flexibility to optimize all parameters
when available.

• We propose novel metrics and perform extensive experi-
ments to evaluate MetaDiT’s performance and systemat-
ically analyze the impact of each design component.

• We open-source our code and all model weights in the
hope of paving the way for the community to develop
more powerful models.

2 Related Works
2.1 Diffusion Generative Models
Diffusion models (Ho, Jain, and Abbeel 2020) have emerged
as highly capable generative frameworks, driving signifi-
cant advances in image (Dhariwal and Nichol 2021; Nichol
et al. 2021; Rombach et al. 2022; Tumanyan et al. 2023) and
video generation (Blattmann et al. 2023; Guo et al. 2023; Tu
et al. 2024; Wang et al. 2024). While early diffusion models
primarily relied on U-Net (Ronneberger, Fischer, and Brox
2015) backbones, the Diffusion Transformer (DiT) (Peebles
and Xie 2023) has demonstrated superior training stability
and scalability, becoming the dominant architecture in many
recent works (Esser et al. 2024; Brooks et al. 2024; Kong
et al. 2024). Owing to their strong generative capacity, dif-
fusion models have also been adopted in scientific domains,
including molecular (Wang et al. 2025; Liu et al. 2025) and
material generation (Xie et al. 2021; Zeni et al. 2023). Re-
cently, researchers have begun applying diffusion models to
metasurface design (Zhang et al. 2023, 2024; Seo et al. 2025;
Niu, Phaneuf, and Mojabi 2023), demonstrating their po-
tential to generate novel, high-performance structures. How-
ever, existing approaches typically generate only a subset of
design parameters and rely on downsampled, coarse spectral
constraints, simplifying the problem but ultimately limiting
the novelty and physical fidelity of the generated materials.

2.2 Inverse Design of Metasurfaces
Designing metasurfaces entails selecting constituent materi-
als, configuring geometric layouts, and tuning structural pa-
rameters to achieve desired EM behavior across a frequency
range. Early approaches employed computational optimiza-
tion techniques (Wang, Zhao, and Zhang 2023; Li, Lin,
and Hsu 2023), which, while provably convergent, require
costly forward–adjoint field evaluations and struggle to scale
in high-dimensional design spaces. To address these limi-
tations, researchers have explored machine learning-based
methods, framing inverse design as a conditional generative
task. GANs(Liu et al. 2018; So and Rho 2019; Yeung et al.
2021) and VAEs(Kingma, Welling et al. 2013; Tran, Nan-
thakumar, and Zhuang 2025; Kojima et al. 2023) can gen-
erate diverse candidate structures in a single forward pass.
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However, GANs suffer from training instability, while VAEs
often produce blurry reconstructions that compromise spec-
tral fidelity. More recently, diffusion models have emerged
as state-of-the-art in metasurface material design. Works
such as (Zhang et al. 2023, 2024; Seo et al. 2025) have
demonstrated that diffusion-based frameworks can outper-
form GAN and VAE baselines. Nevertheless, as discussed in
Section 2.1, existing models simplify the design task by re-
stricting parameter coverage and using coarse spectral con-
straints. To address these limitations, we propose MetaDiT,
which integrates a contrastively pretrained spectrum encoder
with a Diffusion Transformer based backbone. MetaDiT en-
ables fine-grained control and exploration of a more com-
plete metasurface design space.

3 Preliminaries
3.1 Metasurfaces and Scattering Spectrum
Metasurfaces are planar arrays of subwavelength dielectric
structures, where each periodic unit cell U is defined by a set
of geometric and material parameters. As shown in Figure 1,
a unit cell consists of two key components:

1. A substrate with refractive index rsub ∈ R and thickness
hsub ∈ R.

2. A meta-atom with refractive index ratom ∈ R, thick-
ness hatom ∈ R, and a binary geometric pattern matrix
P ∈ Fn×n

2 encoding its structure (where n is the spatial
resolution of the pattern).

The lattice constant llattice ∈ R governs the periodicity
of the array. Together, these parameters fully describe the
metasurface’s optical properties.

The optical responses of a metasurface is characterized by
its scattering spectrum, a complex-valued function S(f) ∈
C that describes the amplitude and the phase of scattered
light at frequency f . This spectrum is goverened by the
aforementioned material parameters, which collectively de-
termine resonant scattering behavior.

3.2 Problem Definition
The goal of metasurface inverse design is to automatically
generate a unit cell U that achieves a desired scattering spec-
trum S(f). Traditional approaches rely on human expertise
and iterative trial-and-error, which are often computationally
expensive. Recent advances leverage leraned models M to
directly predict unit cell geometries Û = M(S) from target
spectra. The generated designs are then validated via electro-
magnetic simulations, through which we can calculate the
spectrum of a metasurface material. For convenience, we
also refer U as the material design or structure.

4 Method
4.1 Dataset and Encoding
Following (Zhang et al. 2023), we adopt the dataset intro-
duced in (An et al. 2020), which contains 170k+ metasurface
designs with a high degree of geometric variability gener-
ated via a randomized algorithm. Each metasurface unit cell
is represented by a binary pattern matrix of size 64 × 64,
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Figure 2: An example of a metasurface material sample.
(Top left) Full-resolution scattering spectrum. (Bottom left)
Downsampled spectrum, where the peak near ∼58 THz is
attenuated due to loss of resolution. (Right) Correspond-
ing pattern matrix; yellow regions (ones) indicate the meta-
atoms, while dark purple (zeros) denotes the substrate. The
l, h, r represents llattice, hatom and ratom respsectively.

along with three continuous design parameters: the atom re-
fractive index ratom, atom thickness hatom, and lattice con-
stant llattice. The substrate refractive index rsub = 1.4 and
height hsub = 2µm are held constant throughout the dataset.

We encode each unit cell as a three-channel image U ∈
R3×64×64, where the three channels respectively represent
the design parameters ratom, hatom, and llattice. Within each
channel, the original binary pattern matrix is preserved in
structure: positions with value one are replaced by the corre-
sponding design parameter, while zeros remain unchanged.
This encoding scheme enables the model to generate all
structural parameters jointly, in contrast to prior works that
treat ratom, hatom, and llattice as fixed conditioning inputs.

The target in the dataset is the transmission scattering
spectrum. It is provided at 301 discrete frequency points and
is encoded as a two-channel sequence S ∈ R301×2, where
the channels represent real and imaginary values. Unlike
prior works (Zhang et al. 2023, 2024), which downsample
the spectrum to simplify the target, we preserve the full reso-
lution to enable the model to capture and satisfy fine-grained
spectral constraints. An example of a material structure and
its corresponding spectrum is shown in Figure 2. Notably,
the downsampled spectrum exhibits attenuation of the peak
near ∼58 THz, highlighting the loss of fine-grained spectral
information due to resolution reduction.

4.2 Architecture of MetaDiT
The core objective of MetaDiT is to learn the intrinsic rela-
tionship between a material’s structure and its corresponding
spectral response. To this end, we design the key compo-
nents of MetaDiT by addressing two central questions that
guide our architectural and training decisions.

1. How can we effectively encode fine-grained spectral
conditions? Prior works (Zhang et al. 2023, 2024) encode
the spectrum as a single global feature vector for condition-
ing (i.e. D-dimensional vector and is projected to the model
hidden size), which we argue overlooks the semantic struc-
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Figure 3: Overview of MetaDiT. We first train a spectrum encoder using contrastive learning, then the spectrum feature is
pre-computed and fed into MetaDiT backbone for diffusion training.

ture inherent in spectral data. Preserving the sequence for-
mat allows the model to attend to localized spectral patterns
that are critical for accurate material generation.

We propose to use a Transformer-based (Vaswani et al.
2017) encoder to encode the spectrum in its sequence for-
mat. To enable effective representation learning within the
Transformer encoder, we first project the input spectrum
from its raw form S ∈ R301×2 into a higher-dimensional
feature XS ∈ R301×DS using a learnable linear embedding
layer, where DS is the hidden size of the spectrum encoder.
We then apply position embedding and stack L layers of
Transformer-based encoder to extract the feature.

However, we observe that the scattering spectrum is inher-
ently a dual-variate sequence, where the embedded represen-
tation encodes both amplitude and phase components that
are intrinsically coupled by physical laws. This coupling in-
troduces rich inter-channel dependencies that are crucial for
accurate modeling. While in typical Transformer encoder,
the self-attention applied along the frequency (sequence)
axis captures long-range dependencies and dispersion pat-
terns, it alone is insufficient to fully represent the complex-
valued nature of the spectrum. To address this limitation,
we incorporate an additional attention mechanism along the
channel axis, enabling the model to globally attend over the
entire spectrum and explicitly model the inter-channel rela-
tionships. This dual-attention design facilitates more effec-
tive feature re-weighting and enhances the model’s capacity
to capture the underlying physical structure of the data. Our
encoder block is formulated as follows:

X
(1)
l = Xl + Attnseq(Norm(Xl))

X
(2)
l = X

(1)
l +

[
Attnchan(Norm((X

(1)
l )T))

]T
Xl+1 = X

(2)
l + FFN(Norm(X

(2)
l ))

(1)

Here, Xl denotes the input feature at layer l, Attnseq and
Attnchan represent self-attention along the sequence and
channel dimensions respectively, Norm is a normalization
layer, FFN is the feed-forward network, and T denotes the
transpose operation.

The resulting feature forms a sequence with the same
shape as XS , where each token is a DS-dimensional vec-
tor. We refer to these as spectrum tokens.

2. How can we enable finer condition injection in DiT?
DiT uses adaLN for time and condition injection. While this
strategy is effective for class conditioning, it forbids direct
interaction between image tokens and spectrum tokens. In
MetaDiT, our goal is to enhance the model’s ability to cap-
ture the relationship between the spectrum and the corre-
sponding material design. Therefore, we seek token-level in-
teraction between tokens from these two modalities.

We first project the spectrum tokens to the hidden size of
DiT using a lightweight projector, then the spectrum tokens
and image tokens are concatenated along the sequence di-
mension, establishing an in-context conditioning paradigm.
Let XS ∈ RNs×DT denote the embedded spectrum tokens,
and XI ∈ RNi×DT denote the embedded image tokens,
where Ns and Ni are the number of tokens for the spectrum
and image, respectively, and DT is the embedding dimen-
sion of DiT. The concatenated self-attention is

Xattn = Attn
(
[XI;XS] ∈ R(Ni+Ns)×DT

)
(2)

we then discard the spectrum portion and retain only the up-
dated image tokens:

XI
′ = Xattn[:Ni] ∈ RNi×DT (3)

This design enables the model to jointly attend to both
modalities and dynamically integrate contextual information
into each token representation through self-attention. No-
tably, it introduces no additional parameters compared to
explicitly adding a cross-attention module. Furthermore, we
empirically show that this in-context self-attention mecha-
nism outperforms the cross-attention baseline in Section 5.3.

We further inject coarse condition control into the model.
Let t ∈ RDT denote the timestep embedding. We first com-
pute a pooled representation of the spectrum:

spool =
1

Ls

Ls∑
i=1

XS[i, :] (4)
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We then combine this with the timestep embedding:

z = t+ spool ∈ RDT (5)

the resulting condition signal z is then used for adaLN mod-
ulation. This coarse-to-fine conditioning allows the model to
learn at two different levels of granularity.

4.3 Training Strategy
We conduct a two-stage training strategy for MetaDiT.

Stage 1: Contrastive Pretraining. In the first stage, we
aim to train the spectrum encoder to learn semantically rich
representations by aligning spectral and material features.
We adopt a CLIP-style (Radford et al. 2021) contrastive
training paradigm, jointly optimizing the spectrum encoder
and a Vision Transformer that encodes the corresponding
material design U . We extract the representation of U using
the [CLS] token from ViT. Let ES and EU denote the spec-
trum encoder and the ViT encoder, respectively. The training
objective is defined as:

LCLIP =
1

2

[
CE(eτ ·UTS) + CE(eτ · STU)

]
U =

EU (U)

∥EU (U)∥2
S =

ES(S)
∥ES(S)∥2

(6)

where τ is a leanbale temperature parameter and CE repre-
sents Cross Entropy loss.

Stage 2: Diffusion Training. In the second stage, we
leverage the pre-computed spectral features from ES to train
the MetaDiT model via a denoising diffusion objective.
Given a material structure U , we apply the forward diffusion
process to corrupt it at timestep t: Ut =

√
ᾱt U+

√
1− ᾱt ϵ,

where ᾱt =
∏t

i=1 αi, αt is the noise schedule, and ϵ ∼
N (0, I) is standard Gaussian noise.

The model is trained to predict the added noise, condi-
tioned on the spectrum S, using the following objective:

Ldiffusion = EU,t,ϵ,S ∥ϵ− ϵθ(Ut, t, S)∥22 (7)

where ϵθ denotes the noise prediction model.
To further enhance conditional generation quality, we

adopt classifier-free guidance (Ho and Salimans 2022)
during diffusion training and sampling. Specifically, we
randomly drop the spectral condition S during train-
ing, replacing it with a null embedding. At infer-
ence time, model predicts the noise using the following
equationϵ̂θ = ϵθ(Ut, t,∅) + w(ϵθ(Ut, t, S) − ϵθ(Ut, t,∅)),
where ϵθ(Ut, t, S) is the noise prediction conditioned on the
spectrum S, ϵθ(Ut, t,∅) is the unconditional prediction, and
w is the guidance scale hyperparameter that controls the
strength of conditioning. The overview of the proposed ar-
chitecture and the training strategy are shown in Figure 3.

4.4 Evaluation
In this paper, we use Accumulated Absolute Error (AAE),
defined as AAE =

∑
f |Sgt(f)− Ŝ(f)|, where Sgt(f) is the

ground truth spectrum. Our objective is to assess model ac-
curacy across the entire frequency spectrum. While a model

Model #Param MAE

PNN-1 (An et al. 2020) - 0.0539
PNN-2 (Zhang et al. 2023) - 0.0426
StarNet-MLP (Ours) 1.90M 0.0084

Table 1: Prediction error of the surrogate model. Our
model achieves significantly lower spectrum estimation er-
ror compared to prior works that employ a dedicated Predic-
tion Neural Network (PNN) for surrogate modeling. Results
adopted from the original paper.

may perform well at the majority of frequency points, it can
still fail at specific frequencies that are critical for the desired
functionality. Conventional approaches that average perfor-
mance across the frequency range can obscure such local-
ized failures, masking important discrepancies that may sig-
nificantly impact practical applications.

Furthermore, we propose an average AAE metric across
K independently generated designs for the same target spec-
trum, defined as AAE&K = maxi{AAEi}Ki=1. This metric
is designed to evaluate the model’s ability to consistently
generate multiple distinct yet accurate solutions.

Following (Zhang et al. 2024, 2023), we adopt a surro-
gate model Msur to predict the spectral response of a given
unit cell U , using its output Sgt = Msur(U) as a substitute
for computationally expensive electromagnetic simulations.
Specifically, we employ StarNet (Ma et al. 2024) equipped
with an MLP head to perform the spectrum prediction. As
demonstrated in Table 1, the surrogate model achieves re-
markably low prediction error, validating its effectiveness as
a fast and reliable approximation.

5 Experiment
In this section, we aim to answer the following questions:
(1) Can MetaDiT outperform all baselines? (2) Are all com-
ponents of MetaDiT essential? (3) Can we simply scale up
MetaDiT for better performance? We first elaborate our ex-
perimental setups in Section 5.1 and answer the above ques-
tions in Section 5.2, Section 5.3 and Section 5.4.

5.1 Experimental Setups
Dataset. We adopt the dataset from (An et al. 2020) and
encode it following the procedure detailed in Section 4.1.
The dataset is randomly split into training, validation, and
test sets with a ratio of 8:1:1.
Baselines. We establish two key baselines for comparison:
(1) a standard DiT baseline and (2) a carefully reproduced
version of MetaDiff (Zhang et al. 2023), trained under our
data encoding framework while maintaining fidelity to the
original methodology. We also implement an average pre-
dictor that predicts the average of the spectrum values as a
basic baseline.
Implementation. For the spectrum encoder, we stack four
layers of spectrum encoder blocks and set the hidden dimen-
sion to DS = 256. The FFN the encoder is enhanced with
SwiGLU (Shazeer 2020). For MetaDiT, we vary the model
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Figure 4: Visualization of the generated results. (Left) Comparsion of the ground truth transmission spectrum and the gen-
erated one. (Right) Comparsion bettwen reference material and the generated material. r, h, l represents ratom, hatom, llattice
respectively. The unit of hatom and llattice is µm.

Model #Param MAE AAE AAE&2 AAE&4

AVG1 - 0.5860 352.7424 352.7424 352.7424
MetaDiff 32.56M 0.1861 112.0591 170.6253 258.9915
MetaDiff-HR2 33.41M 0.1315 79.1365 100.2521 125.4889
DiT 32.80M 0.1677 100.9437 138.0702 187.7744
MetaDiT 32.57M 0.0801 48.2495 58.8007 68.7275

Table 2: Main results of the reproduced baselines and
MetaDiT. 1 means averge baseline, we calculate the MAE
and AAE when model designs the average of the spectrum
value. 2 means high resolution spectrums are used.

capacity by adjusting the hidden size, the projector is a sim-
ple linear layer. Both models employ sinusoidal positional
embeddings (Vaswani et al. 2017). All experiments are opti-
mized using AdamW (Loshchilov and Hutter 2017), with a
learning rate of 10−4 and trained for 500 epochs. We apply
cosine annealing as the learning rate schedule. For simplicity
and fair comparison, we omit Exponential Moving Average
(EMA) and weight decay, although these techniques can fur-
ther enhance performance. More implementation details can
be found in Appendix.
Environment. We implement the model using Py-
Torch (Paszke 2019), with DeepSpeed ZeRO 2 (Rajbhan-
dari et al. 2020) for better training efficiency. We use stan-
dard acceleration techniques like bfloat16 (Kalamkar et al.
2019) and gradient checkpointing (Herrmann et al. 2019),
diffusion training is conducted using full precision. All ex-
periments are conducted using 4×Nvidia A100 80GB. For
consistency, we fix the random seed to 0.

5.2 Main Results
In this section, we demonstrate that MetaDiT can outper-
form all baselines. In our setting, the model is required
to design all parameters while adhering to high-resolution
spectral constraints. As shown in Table 2, directly using
high-resolution spectra as input improves the performance
of MetaDiff by approximately 29.3%, underscoring the im-
portance of fine-grained conditioning. However, MetaDiff
still struggles to fully capture the relationship between spec-

Method MAE AAE

MetaDiT 0.0801 48.2495
w/o Pretrained Encoder 0.1370 82.4838
w/o Coarse condition 0.0996 59.9662
w/ Cross-attention 0.0927 55.8119

Table 3: Ablation results of MetaDiT. Encoded spectrum
features significantly improves the performance, In-context
condition and coarse-to-fine conditioning are also essential
for MetaDiT.

trums and material structures. MetaDiT further improves the
performance by an additional 39.1% over MetaDiff-HR.

Following MetaDiff, we also implement a vanilla DiT
baseline conditioned on high-resolution spectra represented
as a single feature vector. As shown in Table 2, this model
performs even worse than MetaDiff-HR, highlighting the
necessity of more expressive condition injection mecha-
nisms. By incorporating the techniques described in Sec-
tion 4, MetaDiT achieves a substantial improvement of
52.2% over the vanilla DiT baseline.

To evaluate AAE&K, we sample multiple designs by
varying the random seed across {0, 7, 42, 3407}. As shown
in Table 2, MetaDiT demonstrates greater robustness in gen-
erating diverse metasurface designs. Even under the worst-
case scenario, which is comparing the maximum AAE
across four different samples, MetaDiT achieves substan-
tially lower error than all baselines. We visualize several
generated results in Figure 4, see Appendix for more results.

5.3 Ablation Studies
In this section, we ablate key components of MetaDiT and
provide insights into the architectural choices and training
strategies that contribute to its performance.

How important is proper spectrum encoding? We in-
vestigate the impact of spectrum encoding by replacing the
pretrained encoder and projector with a simple MLP pro-
jector and retraining the model. As shown in Table 3, this
leads to a substantial performance drop of 41.5%, highlight-
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Model #Param Width #Layer #Head

MetaDiT 32.57M 384 12 6
MetaDiT-B 57.78M 512 12 8
MetaDiT-L 129.73M 768 12 12

Table 4: Model Specifications of MetaDiT, we vary the
width and the number of attention heads to implement dif-
ferent sizes of MetaDiT.
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Figure 5: Scaling the MetaDiT size. (Left) The final AAE
of MetaDiT in different sizes. (Right) The MSE loss of
model predicted noise on validation set.

ing the critical role of the pretrained encoder and sequential
spectrum representation. Notably, the performance remains
18.3% higher than the vanilla DiT baseline, further under-
scoring the benefits of sequential formatting and the interac-
tion between spectrum and image tokens.

Is in-context conditioning effective? To assess the effec-
tiveness of in-context conditioning, we remove it and in-
stead introduce an additional cross-attention layer after the
self-attention on image tokens. In this setup, spectrum to-
kens serve as keys and values, while image tokens act as
queries. This modification increases the parameter count by
approximately 21.7%. However, as shown in Table 3, this
approach underperforms compared to in-context condition-
ing, validating the effectiveness of our design for enabling
direct interaction between image and spectrum tokens.

Is coarse condition injection necessary? While the
in-context conditioning mechanism enables fine-grained,
token-level interaction between image and spectrum tokens,
we further introduce a coarse condition by pooling the spec-
trum and injecting it via the adaLN modulation. To assess
its impact, we ablate the coarse condition by removing it
from the adaLN inputs, leaving only the timestep embed-
ding. As shown in Table 3, this results in a performance
drop of 10.6% compared to MetaDiT, validating our coarse-
to-fine design. This demonstrates that learning across two
levels of granularity enhances model performance.

5.4 Is simple scaling effective?
In this section, we aim to verify that whether better perfor-
mance can be obtained by simply scaling up the size of the
diffusion backbone. Specifically, we adjust the model width
(hidden size), number of layers, and number of attention
heads. As summarized in Table 4, we construct two addi-
tional variants of MetaDiT. All models are trained under
identical settings and evaluated consistently to assess the im-
pact of scale on performance.

The results are presented in Figure 5 (Left). Scaling up to
MetaDiT-B, which introduces a 77.4% increase in param-
eters over MetaDiT, yields a modest performance gain of
2.3%. However, further scaling to MetaDiT-L, with an ad-
ditional 124.5% increase in parameters relative to MetaDiT-
B, results in a performance drop of 15.7%. These findings
suggest that simply enlarging the diffusion backbone offers
diminishing returns and may even degrade design accuracy.

As illustrated in Figure 5 (Right), scaling up the model
size consistently lowers the diffusion MSE on the valida-
tion set, suggesting improved reconstruction quality. How-
ever, faithfully matching the target spectrum requires more
than reconstruction fidelity; it demands precise alignment
with the input condition. This is analogous to instruction-
following in the visual generation community (Ghosh, Ha-
jishirzi, and Schmidt 2023), where success is measured not
solely by image quality, but by how well the output ad-
heres to the input prompt. This insight reinforces our central
claim: the fundamental challenge lies in designing a model
that effectively captures the intricate relationship between
material structure and its corresponding scattering spectrum.

6 Conclusion
This paper introduces MetaDiT, a novel framework capable
of designing the complete set of available metasurface ma-
terial parameters while accurately satisfying high-resolution
scattering spectra. By integrating contrastive pretraining, a
dual-attention architecture, and a coarse-to-fine condition
injection strategy, MetaDiT achieves state-of-the-art perfor-
mance across all evaluated baselines. Through ablation stud-
ies, we highlight the contribution of each design choice.
Moreover, scaling experiments reveal that superior design
accuracy does not solely stem from improved reconstruction
fidelity, but rather from the model’s enhanced ability to learn
the underlying physical relationship between material struc-
ture and its corresponding scattering spectrum.
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Fu, X.; Shysheya, S.; Crabbé, J.; Sun, L.; Smith, J.; et al.
2023. Mattergen: a generative model for inorganic materials
design. arXiv preprint arXiv:2312.03687.
Zhang, Z.; Yang, C.; Qin, Y.; Feng, H.; Feng, J.; and
Li, H. 2023. Diffusion probabilistic model based accu-
rate and high-degree-of-freedom metasurface inverse de-
sign. Nanophotonics, 12(20): 3871–3881.
Zhang, Z.; Yang, C.; Qin, Y.; Zheng, Z.; Feng, J.; and Li, H.
2024. Addressing high-performance data sparsity in meta-
surface inverse design using multi-objective optimization
and diffusion probabilistic models. Optics Express, 32(23):
40869–40885.
Zhou, H.; Zhao, C.; He, C.; Huang, L.; Man, T.; and Wan,
Y. 2024. Optical computing metasurfaces: applications and
advances. Nanophotonics, 13(4): 419–441.

614


