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ABSTRACT

Metamaterials for light manipulation at subwavelength scales face significant design challenges due to their complex and

sophisticated structures, leading to the emergence of deep learning as a powerful tool to streamline their design process. However,

existing deep learning-based inverse design methods fall short in the design of reconfigurable metamaterials (RMMs), whose

optical characteristics switch between different states upon external stimuli. To address this challenge, CoSP, an intelligent inverse

design method for RMMs based on a contrastive pretrained large language model (LLM), is proposed. By performing contrastive

pretraining on multi-state spectra, a well-trained spectrum encoder is obtained and coupled to a GPT-style decoder trained end-

to-end from scratch. Equipped with the preservation of linguistic capabilities, CoSP is capable of describing material structures

with target optical properties in natural language. Numerical experiments demonstrate that CoSP can design RMM structures for

multi-state, multi-band optical responses, showing great potential in versatile applications such as thermal management, optical

computation, and telecommunications.

1 | Introduction

Metamaterials [1-3], which are composed of subwavelength
structures, have introduced a novel paradigm for designing
artificial materials with extraordinary properties that are scarce
or even impossible in natural materials. By precisely engineering
their subwavelength structures [4], metamaterials exhibit almost
arbitrarily desired properties for industrial applications, includ-
ing information sciences [5], optoelectronics [6], biomedical
sciences [7], and energy-saving technologies [8]. However, the
intricate design of metamaterials, which involves carefully adjust-
ing sizes and arrangements of every individual subwavelength
structure through trial and error, is extremely time-consuming

and difficult even for experienced researchers. Moreover, tradi-
tional optimization methods for metamaterials rely heavily on
exhaustive parameter sweeps and heuristic searches with Finite
Difference Time Domain (FDTD) and Finite Element Method
(FEM), making them inefficient and computationally demanding
in complex, high-dimensional design spaces. Furthermore, such
experience-driven approaches also lack transferability among
development projects and disciplines.

Thanks to the fast development of artificial intelligence (AI),
inverse design methods have emerged as a novel solution to meta-
materials design and optimization [9]. Rooted in models that can
learn the intricate relationships between metamaterial structures
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FIGURE 1 | Schematic illustration of the problem setting and the advantages of CoSP. (a) General inverse design methods aim to generate

metamaterial structures for one desired optical response, which are typically limited to single-state targets, fixed material sets, or predefined layer
configurations. (b) RMMs exhibit distinct spectral responses under external stimuli. (c) CoSP enables inverse design for multi-state spectral responses
in RMMs with substantially greater flexibility: the layer number, thickness, and material can all be designed simultaneously, and a single trained model

can generalize to multiple spectral-response objectives without task-specific retraining.

and their optical responses, inverse design focuses on the data-
driven discovery of optimal material compositions and structural
configurations for desired optical properties. So far, various Al-
empowered approaches, including Bayesian optimization [10],
deep learning [9], and reinforcement learning [11], have already
accelerated the discovery of novel metamaterials by intelligently
navigating vast design spaces, as illustrated in Figure 1A.

Reconfigurable metamaterials [12, 13] (RMMs) exhibit distinct
optical properties at different states driven by external stimuli
such as electricity, heat, humidity, and mechanical forces [11,
14], as shown in Figure 1B. This dynamic tunability makes
RMMs particularly attractive for intelligent applications that
require distinct device performance under varying conditions.
However, compared with conventional metamaterials with fixed
optical responses, RMMs impose a more demanding inverse
design problem: a single structure must achieve multiple target
responses across different states. This requirement calls for both
sufficient design flexibility and the ability to adapt across variable
design objectives.

Despite substantial progress in Al-based inverse design for
static metamaterials, existing methods remain inadequate for
RMMs for two main reasons: (1) they provide limited design
freedom: the models are restricted to fixed material sets and
predefined structural configurations [15, 16]; (2) they show poor
transferability: when the design objective or material com-
position changes, the models require extensive retraining or
task-specific reconfiguration [10, 17, 18]. Consequently, none
of the existing inverse design methods [10, 11, 14-18] demon-
strates effective inverse design of RMMs. Figure 1 illustrates
the above concepts about RMMs and the shortcomings of exist-
ing inverse design methods. This problem severely limits the

development of RMMs and other intelligent reconfigurable
devices.

In this paper, CoSP (contrastive multi-state pretrain), an inverse
design method for reconfigurable devices via a contrastive pre-
trained large language model (LLM), is proposed. Unlike prior
methods, CoSP employs contrastive learning to unify multi-
state spectral representations, explicitly capturing the intrinsic
physical correlations between different states of the same device
including RMMs. These robust embeddings are then fed into a
GPT-style decoder trained end-to-end from scratch, which syn-
ergizes its generative linguistic capabilities with physical under-
standing to simultaneously output human-readable spectrum
descriptions and precise material structures. This architecture
enables CoSP to generalize across multi-state, multi-band targets
without task-specific retraining. Extensive experiments validate
that CoSP can successfully design RMMs even from hypothetical
spectra, marking a transformative step toward data-driven fast
development of intelligent reconfigurable devices.

2 | Related Works
21 | Reconfigurable Metamaterials

The emergence of the metamaterials concept and the develop-
ment of nanofabrication technologies have enabled the creation
of artificial materials with desired physical properties. However,
conventional metamaterials are designed with fixed physical
properties, which fail to offer adjustable device functionalities
for emerging intelligent industrial applications, such as smart
windows with adjustable visible transparency [19], temperature-
adaptive emissive coatings for all-season temperature regulation
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[20], reconfigurable photonic integrated circuits for optical com-
putation [21], and solid-state LiDAR [22]. To meet the above
requirements, the concept of RMMs was proposed [6].

The specific implementations of RMMs are diverse: In electri-
cally driven RMMs, reversible metal deposition methods [23]
are widely used to achieve rapid optical property switching of
the metamaterial. Mechanically driven RMMs mostly rely on
temperature-responsive materials or electrostatic force to recon-
figure mechanical structures for mode-switching [24]. Humidity-
driven RMMs achieve switching by designing hydrophobic and
hydrophilic properties [25]. Thermally driven RMMs depend on
thermochromic hydrogels [26] or phase-change materials [27].
Without loss of generality, this paper takes thermally driven
RMMs integrated with temperature-responsive phase-change
materials as an example: With the ability to automatically adjust
the broadband thermal emissivity according to environmental
temperature change, those RMMs have been widely applied to
various industrial fields, including smart windows [28], adaptive
radiative cooling [20], and infrared camouflage [29], with a broad
market potential.

2.2 | Intelligent Inverse Design of Metamaterials

Different Al-empowered approaches have been used to design
conventional metamaterials with fixed functionalities: Sakurai
et al. [10] used a Bayesian Optimization (BO) method to optimize
layer thicknesses for ultranarrow-band thermal radiators, which
offers great material and structural flexibility but lacks task adapt-
ability and generalization. Unni et al. [15] reported a Mixture
Density Networks (MDNs) model to address non-uniqueness
through probabilistic modeling, but it cannot dynamically adjust
the number of layers or generalize across different tasks. Existing
inverse-design models based on Reinforcement Learning, such
as Yu et al. [17] and Wang et al. [11], improve material and
structural flexibility, but are incapable of handling multi-state
responses and require retraining for new tasks. Material infor-
matics methods, like Xi et al. [18], solve multi-objective tasks
like visible-infrared camouflage but are limited by fixed layer
configurations and poor generalization. Although Transformer-
based models improve adaptability—for example, Chen et al.
[16] for broadband absorber design—they lack material and
structural flexibility. OptoGPT by Ma et al. [14] advances task
transferability and generalization through flexible material and
layer design. However, despite adopting large language model
(LLM) structures, OptoGPT focuses solely on structure prediction
and lacks the ability to generate human-readable explanations
of spectral data. Taken together, these studies have substantially
advanced the inverse design of metamaterials, but the joint
realization of paired state-dependent responses in one recon-
figurable metamaterial, flexible material-layer generation, and
human-readable spectral output remains unexplored.

In contrast, the proposed CoSP framework not only enables the
inverse design of RMMs, but also handles multi-state responses
in a human-readable manner. Table 1 compares the capabilities
of CoSP with the aforementioned intelligent inverse design
methods, whose associated method categories are provided in
parentheses. Those methods were developed under different
design objectives and structural representations: probabilistic

models address the non-uniqueness of inverse mappings; opti-
mization and reinforcement-learning methods provide flexible
search strategies within their respective parameter and objective
settings; Transformer-based generative models enable sequence-
based structure generation. Their reported capabilities therefore
reflect the specific conditioning inputs, structural parameteri-
zations, and output formats considered in the corresponding
studies. However, none of them was formulated for the inverse
design of RMMs, where paired state-dependent target spectra
must be realized by one metamaterial structure. As shown in
Table 1, CoSP integrates all capabilities within a unified inverse-
design framework. A more detailed dimension-by-dimension
elaboration of these advantages is provided in Section S1.

2.3 | Contrastive Representation Learning

Contrastive learning [30-32] is a self-supervised representa-
tion learning method that aims to maximize the similarity
between positive sample pairs while minimizing the similarity
between negative sample pairs, thereby facilitating robust feature
extraction without extensive labeled data. Contrastive Predictive
Coding (CPC) [33] introduces the concept of predicting future
data points in latent space, thus learning effective representations
by capturing temporal dependencies within sequential data.
Building on this, SImCLR [34] enhances contrastive learning
by utilizing a simplified framework that applies extensive data
augmentation and a large batch size to effectively discrimi-
nate between similar and dissimilar pairs. Momentum Contrast
(MoCo) [35] incorporates a dynamic memory bank, enabling the
model to maintain a large and consistent set of negative samples,
thus enhancing training efficiency and representation quality.
CLIP [36] pushes the boundaries of contrastive learning by
leveraging cross-modal training on extensive image-text datasets,
resulting in representations that align across modalities and
achieve remarkable performance on a wide range of downstream
tasks. The above characteristics of contrastive learning demon-
strate its great potential for learning unified representations
across the multiple states of RMMs and motivate its adoption in
the CoSP framework.

2.4 | Large Language Model for Natural Sciences

Large language models (LLMs) have been increasingly utilized
in various natural science domains [37-42], such as bioinfor-
matics [43], materials science [14, 44], and chemistry [45-47],
demonstrating powerful capabilities in AI-for-Science tasks. For
example, Prot2Text [48] employs the multi-modal information of
proteins to fine-tune LLMs, enabling the generation of detailed
protein descriptions; OptoGPT [14] leverages LLMs to design
thin-film materials; Coscientist [47] utilizes LLMs to automate
chemical experiments, where humans can simply issue instruc-
tions in natural language to an LLM-controlled robotic system for
searching information, conducting experiments, recording data,
and analyzing results. These applications highlight the robust
capabilities and great potential of LLMs in the natural sciences.
Therefore, the integration of LLMs into scientific workflows
promises to accelerate discovery processes, enhance the precision
of experimental designs, and potentially uncover novel scientific
insights that were previously unattainable through traditional
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TABLE 1 | Comparison between CoSP and existing inverse design methods for metamaterials.
Model Multi-band Material Layer Transferability Generality Multi-state Linguistic
Unni et al. [15] (MDN)
Chen et al. [16] (MST) v
Sakurai et al. [10] (BO) v v
Xi et al. [18] (MI-BO) v v
Yu et al. [17] (DQN) v v v
Wang et al. [11] (DRL) v v v v
Ma et al. [14] (OptoGPT) v v v v v
This work (CoSP) v v v v v v v

Multi-band means the model can design metamaterials that function across multiple spectral regions. Material means the model can freely select and optimize
various materials without being limited to predefined sets. Layer refers to the dynamical adjustment of the number of layers in the structure for greater design
flexibility. Transferability denotes the ability to adapt to new tasks by retraining with updated objective functions. Generality indicates the model can design
structures for arbitrary objectives without retraining. Multi-state means the model can design RMMs with distinct optical properties in different states. Linguistic
is the ability to generate human-readable descriptions using natural languages, improving interpretability and usability.

methods. Recent studies have begun to explore their potential
in metamaterial design. Kim et al. demonstrated conversational
optimization of multilayer films and fine-tuned LLM-based gen-
eration of metasurface structures [49], in which the two physical
systems were addressed through separate workflows. Lu et al.
investigated the ability of ChatGPT to learn geometry-spectrum
relationships in metamaterials and examined both forward and
inverse mappings within a predefined structural representation
[50]. Zhang et al. further fine-tuned an LLM to translate target
transmission spectra into free-form 2D metasurface geometries
on a fixed material platform [51]. Together, these studies establish
the potential of LLMs for optical-response modeling and photonic
structure generation. Unlike these single-response formulations,
CoSP focuses on the generation of reconfigurable metamaterial
on paired state-dependent spectra and jointly produces the corre-
sponding spectral description and material-structure sequence.
Motivated by these advances, a GPT-style decoder is adopted as
the generative backbone of the inverse design framework for three
reasons: (1) LLMs possess strong natural-language generation
capabilities, enabling the model to produce human-readable
spectrum descriptions alongside material structures; (2) LLMs
are capable of internalizing broad world knowledge spanning
physics, materials science, and mathematics, potentially provid-
ing a rich prior for understanding the correspondence between
optical spectra and metamaterial compositions; (3) the well-
established scaling laws of LLMs suggest that performance can be
further improved simply by adopting larger models in the future,
offering a clear path for continued advancement.

3 | Methodology

The switchable optical responses (such as optical absorptivity,
reflectivity, and transmissivity) of RMMs impose a significant
burden on their intelligent inverse design, as existing methods
are unable to simultaneously address multiple target spectra of
the same metamaterial. To tackle this challenge, the proposed
CoSP consists of two stages (Figure 2): (1) contrastive multi-
state spectrum pretraining; (2) metamaterial structure generation
with a pretrained spectrum encoder. For each target spectrum,
the pretrained spectrum encoder obtains a representation, which

then passes through cross-attention into the LLM blocks. In this
work, GPT-2 was used for the generative model due to two rea-
sons: (1) Its tokenizer, hidden states, and decoder blocks are fully
accessible and can be modified directly, enabling cross-attention
to be integrated and optimized end-to-end in a reproducible
implementation. (2) Its moderate model size provides an eco-
nomical and computationally accessible backbone with effective
performance. It is expected that CoSP integrated with recently
released LLMs with openly accessible architecture will have even
better performance, which is favorable for RMM inverse design
tasks requiring higher performance and increased costs can be
tolerated. After decoding, CoSP generates the description of the
target spectra as well as the corresponding material compositions
and structural configurations.

3.1 | Contrastive Multi-State Spectrum
Pretraining

A Transformer encoder [52] was utilized as the backbone of the
spectrum encoder, including wavelength embedding, positional
encoding, multi-head self-attention, and feed-forward networks.
Notably, spectra are continuous across wavelength bands, in stark
contrast to the discrete representation of text in lexical space.
Token embedding may disrupt the spectrum continuity deter-
mined by physics, leading to unwanted segmented interpretation
of spectral input as well as inverse design performance degra-
dation. Therefore, in contrast to the text encoder used in CLIP
[36], CoSP uses wavelength encoding instead of conventional
token embedding.

Initially, the spectrum S{ of different states j of the same metama-
terial i is projected by a linear layer Proj. Then, the wavelength
encoding WavEncoding is subsequently applied to the projected
spectrum representation. In the absence of token embedding, the
wavelength encoding is an absolute positional encoding applied
in the sequence direction. Subsequently, the spectrum repre-
sentation is processed through the N-layer transformer encoder
blocks H, yielding the output. The encoder blocks are followed
by a fully connected layer ClsHead, the classification head,
used solely during the contrastive pretraining stage. According
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FIGURE 2 | Architecture of the proposed CoSP framework for generating RMMs with multi-state optical responses in free text sequence. The
model is structured with an encoder-decoder architecture, where the encoder utilizes contrastive learning for pretraining, integrating multi-state
spectral information by maximizing the cosine similarity of spectrum representations from different states of the same metamaterial. After contrastive
pretraining, the spectrum encoder parameters are frozen. The framework employs a GPT-style decoder to generate detailed and accurate spectrum
descriptions and corresponding material structures from the representation of the target multi-state spectra. By combining the capabilities of contrastive
pretraining and LLMs, the model enables a comprehensive representation of multi-state spectral characteristics, facilitating the inverse design of RMMs.

to SimCLR [34], using a nonlinear fully connected layer (i.e., 3.2 | Spectrum Description
one that includes an activation function) leads to more effective
representations than a linear fully connected layer. This process Due to the one-to-many mapping from optical spectra to meta-
can be formally described by material designs, different metamaterial designs may exhibit
similar optical spectra. As a result, the training targets of
inverse design are not limited to material sequences alone.
Otherwise, the model is confined to the metamaterial design
@ space within the training set, thus losing its generalization
capability for new but similar spectra. Translating target spectra
S{ = ClsHead( H(S{ )). into human-readable descriptions can significantly improve the
generalization of the inverse design method, because all similar
spectra can be recognized by the model to avoid the retraining
process. Moreover, by observing how CoSP describes spectra
in natural language, it is easy to audit its faithfulness to the
input spectra. The effectiveness of the spectrum representations
learned by the encoder can also be manually validated by

sf = Proj(S{)

sf = s{ + WavEncoding(s{)

Then, this approach employs contrastive learning to maximize
the similarity of spectrum representations s{ of different states j
of the same metamaterial i through the InfoNCE (Information
Noise Contrastive Estimation) loss:

researchers.
1< exp(cos(s/,s] )/7)
Lj= T Zlog En (coss.s) )/7) Hence, unlike existing inverse design methods that solely and
= k1 SXP(COS(s;, 5, )/ 2 directly generate metamaterial designs, CoSP is preceded by an

LLM-enabled spectrum description stage that depicts the target
multi-state spectra. It encompasses the local maxima and minima
(i.e., peaks and troughs) of the spectra across different states
and wavelength bands. The detailed generation process and data
examples are provided in Section S3, and an ablation study
confirming the benefit of incorporating spectrum description into
training is reported in Section S2.

1
L =5(L1 +1L,)

where n is the batch size, j* denotes another state distinct from j,
7 is a learnable temperature parameter to control the distribution
of the similarity matrix. Thereby, a spectrum encoder is trained in
a self-supervised manner.
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3.3 | Inverse Design—Material Structure
Generation

The Transformer decoder architecture is utilized to generate the
structures in RMMs for targeted optical responses. The main
components of the decoder—namely, the text embedding matrix,
self-attention mechanism, and language modeling head—are
initialized with the configs of GPT-2 [37]. As such, the ability of
GPT-2 is leveraged to understand the underlying textual seman-
tics. The spectrum representation, obtained from an encoder
pretrained through spectrum contrast, is fed into the multi-head
cross-attention module within the Transformer decoder. The
above process can be described by

QKT>
Z = Softmax Vv
( Vi ©)

Q = qu, K= WkS, V= WUS

where Q denotes the query matrix obtained by projecting the text
embedding q with W,. The key matrix K and value matrix V are
computed by applying W, and W, to the spectral representation
s, respectively. Through this multi-head cross-attention mech-
anism, the decoder conditions text generation on the encoded
spectral representation, and enables the production of coherent
and physically consistent descriptions of metamaterial structures
for the target optical responses. In this way, CoSP captures
the correspondence between optical spectra and metamaterial
structures guided by the underlying physics.

During the training phase, Causal Language Modeling (CLM) is
also employed to predict the next token in a sequence based on the
preceding tokens, as the training objective to optimize the model
as follows:

Lom =-— Z log P(x; | x1,X3,.., X;_1) 4

i=1

where Ly is the loss function for CLM. This training objec-
tive involves predicting each token x; in a sequence based on
the preceding tokens x;, x,, ..., x;_;, thereby ensuring that text
generation occurs in a causal, forward manner. Precisely, this uni-
directional autoregressive generation method aligns remarkably
with the structures of RMMs. Detailed training and inference set-
tings, including hyperparameters and hardware configurations,
are provided in Section S4.

4 | Results
4.1 | Preliminary Setup

Without loss of generality, this work focuses on 1D RMMs
integrated with the phase-change material of vanadium dioxide
(VO,), in order to demonstrate the inverse design of multi-
state target spectra using CoSP: One-dimensional metamaterials,
featured by stacked thin-film layers, are fundamental yet widely
adopted metamaterial structures [10, 14, 20]; VO, undergoes
a fast, reversible, solid-solid phase transition when heated
beyond 68°C, transforming from an insulating phase (I-phase,

corresponding to State I of RMMs) to a metallic phase (M-
phase, corresponding to State M of RMMs) [53]. Along with
the above phase change, VO, exhibits significant optical prop-
erty contrast, endowing it with powerful optical sensing and
modulation capabilities [20]. Thus, VO,-based RMMs show great
potential in versatile applications, including smart windows
[28], temperature-adaptive radiative coolers [20], reconfigurable
phased arrays [54], and hyperspectral imaging [54].

In the experiments presented below, the absorptivity of stacked
multilayer RMMs is taken as the optical response of interest. Since
the sum of absorptivity, reflectivity, and transmissivity equals 1
[55], transmissivity is calculated as T(1) = 1 — R(1) — A(4). Note
that the optical refractive index of VO, is taken from Ref. [56].

4.2 | Main Results
4.2.1 | Comparison with Baselines

Table 2 summarizes the overall performance of CoSP against
representative baselines spanning classical optimization, rein-
forcement learning, discriminative deep learning, and generative
modeling. It is crucial to clarify that none of these baselines is
originally designed to handle multi-state RMM inverse design,
where the objective is to simultaneously match a spectral pair
corresponding to the two states of a single metamaterial structure.
To ensure a fair and technically meaningful comparison, method-
specific adaptations are developed for every baseline, guided by
the governing physics and the multi-state objective. Concretely,
each method is modified in a theory-consistent manner (e.g.,
reformulating the optimization reward/loss to aggregate errors
across both states and enforcing valid structural parameteri-
zations), and these adaptations are tuned to ensure that each
baseline can indeed generate candidate designs. As a result, all
the values in Table 2 should be interpreted as the performance
of solid, best-effort adapted baselines, rather than off-the-shelf
implementations. The full per-method adaptation protocol is
provided in Section S5.

Under this stringent evaluation protocol, CoSP achieves the best
results across all criteria, establishing a clear margin over prior
adapted inverse-design strategies. Compared with the strongest
adapted baseline, the conditional VAE (cVAE), CoSP reduces
pointwise regression errors substantially, with MSE reduced
from 0.0678 to 0.0342 (+49.6%), MAE from 0.1876 to 0.1181
(+37.0%), and RMSE from 0.2370 to 0.1585 (+33.1%). Beyond
magnitude-based metrics, CoSP also improves spectral fidelity in
a stricter distributional sense: SID drops from 1.3100 to 0.3636
(+71.9%), indicating markedly better agreement in global spectral
shape rather than merely local amplitude fitting. Consistently,
CoSP attains a substantially higher correlation (0.7216 vs. 0.5320,
+35.6%), and is the only method that yields a positive R? (0.4290),
whereas all adapted baselines underperform a constant mean
predictor on the test distribution with a negative R?.

A cross-family comparison further reveals why existing methods
are inadequate for this multi-state inverse-design task, even
after careful adaptation. Classical optimizers (GA/BO)
are limited by search efficiency in a high-dimensional,
multi-objective landscape and tend to produce designs with
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TABLE 2 | Performance comparison between CoSP and existing inverse design methods.
Method MSE | MAE | RMSE | R*? Corr. 1 SID |
Classical Optimization Methods
Genetic Algorithm 0.0716 0.1948 0.2466 —0.2994 0.5422 1.5251
Bayesian Optimization 0.1278 0.2540 0.3163 —1.2185 0.4286 2.8911
Reinforcement Learning Methods
DQN 0.2537 0.4218 0.4839 —3.6053 0.3826 5.7245
PPO 0.2405 0.4092 0.4728 —3.4968 0.0347 4.5876
Discriminative Deep Learning Methods
MLP 0.1225 0.2628 0.3291 -1.2174 0.3273 2.4536
CNN 0.1162 0.2522 0.3147 —1.0439 0.3636 2.3610
ResNet 0.1159 0.2523 0.3152 —1.0576 0.3680 2.3258
Transformer Encoder 0.1225 0.2653 0.3258 -1.1329 0.3801 2.4327
Generative Methods
cGAN 0.0909 0.2217 0.2795 —0.6560 0.4510 1.9750
cVAE 0.0678 0.1876 0.2370 —-0.1720 0.5320 1.3100
OptoGPT 0.2401 0.4016 0.4676 —3.3637 0.2189 5.1817
CoSP (This work) 0.0342 0.1181 0.1585 0.4290 0.7216 0.3686
Improvement +49.6% +37.0% +33.1% N/A +35.6% +71.9%

The best results are highlighted in bold. SID denotes Spectral Integral Difference. Improvement is calculated relative to the strongest baseline (cVAE). Note that
the improvement for R? is marked as N/A because calculating a percentage increase from a negative baseline (cVAE: —0.17) to a positive value (CoSP: 0.43)
is mathematically ill-defined. Notably, CoSP is the only method to achieve a positive R?, demonstrating predictive capability superior to a simple mean-value

predictor, whereas all baselines fail to capture the underlying data distribution.

suboptimal distributional alignment (worse SID). Reinforcement
learning methods (DQN/PPO) face pronounced instability
and reward-objective mismatch when the reward must
jointly capture two-state spectral agreement, resulting in the
largest errors and weak correlation. Discriminative predictors
(MLP/CNN/ResNet/Transformer) achieve moderate pointwise
errors but still yield negative R? and worse SID. This phenomenon
is consistent with their one-to-many nature of inverse mapping,
where deterministic regression collapses multimodal solutions
and degrades spectral structure. Among generative baselines,
cGAN [57] and cVAE [58] provide the strongest competitors: by
explicitly modeling the conditional distribution of structures
given a target spectrum, both methods cope better with the one-
to-many nature of inverse design than deterministic regressors,
with cVAE in particular reaching the lowest MSE/MAE/RMSE
and SID among all baselines. Nevertheless, both still rely on
a fixed-length structural vector and a noise-driven sampling
procedure that lacks an explicit multi-state representation,
which limits their pointwise accuracy and leaves R* negative.
In contrast, CoSP utilizes contrastive multi-state spectrum
pretraining to learn transferable spectral representations and
couples them with structured generation, thereby achieving both
lower numerical error and superior distributional consistency
across the two states of RMMs.

4.2.2 | Inverse Design

In this section, two samples are selected from the test set to
demonstrate the performance of CoSP. First, the two-state absorp-

tivity spectral pair is provided as the target. Subsequently, CoSP
generates spectral descriptions and corresponding material struc-
tures. The transfer matrix method (TMM) [59] is then employed to
calculate the multi-state absorptivity of the generated RMMs and
compare them with the target absorptivity spectral pair. Figure 3
displays the results of the inverse design of RMMs by CoSP.

The following conclusions can be drawn from Figure 3: (1) The
spectrum descriptions generated by CoSP accurately depict the
characteristics of the input spectral pair in two states, which
strongly demonstrates that the spectrum encoder of CoSP has
learned highly useful, high-quality spectral representations and
features. It also validates the effectiveness of contrastive multi-
state spectrum pretraining. (2) The RMM structures generated by
CoSP possess spectral pairs essentially consistent with the targets,
leading to the accurate and efficient inverse design of RMMs for
the first time.

Additional inverse-design examples spanning a broader variety of
spectral pairs are provided in Section S6, further illustrating the
accuracy and robustness of CoSP.

4.2.3 | Exploration of Hypothetical Spectra

In practical applications, RMMs are expected to show extreme
optical response in desired wavelength bands. For instance, a high
absorptivity in the visible wavelength band, a low absorptivity
in the near-infrared (IR) wavelength band, and again a high
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language results produced by CoSP, including the spectrum description and material structure sequence of the designed RMM. The designed spectra
are calculated using TMM based on the RMM structure generated by CoSP. (a) and (b) are two representative samples.

absorptivity in the mid-IR wavelength band. Such complicated
requirements lead to target optical spectra that mimic square-
wave functions. However, these square-wave-like spectra should
be regarded as idealized design targets rather than exact responses
that can be directly realized by practical materials. To further
demonstrate the potential of CoSP beyond the test distribution,
its design capacities for such extreme, hypothetical target spectra
are investigated.

IR camouflage based on radiative RMMs is selected as an
example [60], which enables temperature-independent thermal
radiance to evade IR detection by independently regulating multi-
band emissivity according to environmental temperatures [61].
Here, three IR wavelength bands are involved: infrared detectors
typically operate in the 2-5 and 8-14 u m bands [18], while the
5-8 w m band (undetectable by IR sensors) is used for radiative

cooling to help regulate the actual temperature [62]. As a result,
at high environmental temperatures, the RMMs (State M) are
expected to have low emissivity in both 2-5 and 8-14 u m bands
and high emissivity in the 5-8 p m band for strong radiative
cooling, all of which help reduce the total thermal radiance.
Conversely, at low environmental temperatures, RMMs (State
I) need high emissivity in both 2-5 and 8-14 p m bands as
well as low emissivity in the 5-8 p m band for heat retention,
leading to enhanced thermal radiance. With the above emis-
sivity features, the total thermal radiance from RMM is deeply
regulated and temperature-independent for IR camouflage
applications.

In the experiment, the emissivity of the target spectral pair was
set to either 0.9 or 0.05 at different wavelength bands. A Gaussian
filter is then applied to smooth the square-shaped design targets
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FIGURE 4 | Inverse design results of CoSP for idealized IR-camouflage applications.

before inputting them into CoSP. As shown in Figure 4, though
the target spectral pair represents an aggressively idealized,
piecewise-constant objective that is (almost) impossible in nature,
CoSP still yields physically viable RMM candidates whose spectra
track the targets while remaining paired with coherent natural-
language spectrum descriptions. This example therefore high-
lights the ability of CoSP to steer structured, physics-conditioned
generation toward demanding spectral programs that lie outside
the smoothly varying spectra in the training distribution—a
complementary capability to the large quantitative margins over
adapted baselines reported in Table 2. In summary, CoSP narrows
the gap between idealized multi-band spectral objectives and
practically realizable RMM designs.

4.3 | Spectrum Representation Quality

CoSP is designed to learn spectrum embeddings that are simul-
taneously state-discriminative and sample-consistent: the
encoder should (1) separate the two states of each spectral pair in
the latent space, and (2) preserve meaningful similarity structure
so that the spectral pair from the same device remains coherently
related. These properties are evaluated on a subset of the test
set via UMAP (Uniform Manifold Approximation and Projection)
[63] visualization and cross-state similarity analysis.

Figure 5a visualizes the distributions of raw spectra (left)
and the corresponding spectrum representations after UMAP
dimensionality reduction (right). In the raw spectral space,
State I and State M exhibit substantial overlapping, indicating
that direct discrimination based on raw absorptivity spectra is
intrinsically ambiguous under multi-state variations. In contrast,
the learned representations form two clearly separated clusters
without overlapping, demonstrating that the spectrum encoder
extracts compact, state-informative features. Furthermore, three
representative RMMs are highlighted as point pairs with different
colors (red, purple, and light blue), where each color denotes one

sample and the two points correspond to its two-state spectra.
Notably, the relative geometry is largely preserved: RMMs that
are close in the raw spectrum embedding (e.g., the red and purple
pairs) remain close in the latent embedding, whereas a more
distant RMM (light blue) maintains a larger separation. This
result indicates that the encoder enhances state separability while
retaining intrinsic neighborhood relations rather than arbitrarily
distorting the data manifold.

To further verify cross-state sample identity matching, a
similarity matrix is constructed between State I and State M
representations. Given n test samples, si and skM are obtained
fork =1,...,n,formingS' = [s!,...,s[]"and S = [sV,...,s}]7,
and then computing

X=s"-(")7, ©)

where X,, , measures the similarity between the State I repre-
sentation of metamaterial m and the State M representation of
metamaterial n. Ideally, the largest entry in each row/column
should lie on the diagonal with correct cross-state pairing.
Figure 5b shows that CoSP yields a strongly diagonal-dominant
similarity pattern, whereas a CLIP text encoder (pretrained in
the same manner) does not exhibit comparable diagonal contrast.
Together, these results confirm that CoSP learns high-quality
multi-state spectrum representations that both separate states
and reliably associate corresponding spectra between the two
states of the same sample, providing a robust foundation for
downstream inverse design of RMMs.

4.4 | Ablation Study

To clarify the role of contrastive multi-state spectrum pretrain-
ing, an ablated variant of the full framework is constructed
by removing the contrastive pretraining stage (Figure 6). It
is evident that, for the same design objective, CoSP without
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indicating accurate cross-state matching of spectra from the same sample.

contrastive multi-state spectrum pretraining yields poor results.
Furthermore, the designed spectra deviate significantly from
the target spectra with much higher MSE. This comparison
clearly demonstrates the effectiveness and necessity of contrastive
multi-state spectrum pretraining.

5 | Conclusion
In this paper, CoSP, a novel inverse design model that lever-

ages contrastive multi-state spectrum pretraining and LLMs, is
introduced to achieve the accurate and efficient inverse design

of RMMs for the first time. CoSP encompasses all capabilities of
existing models. Experimental results demonstrate that CoSP not
only excels in designing spectral pairs within the test set, but also
achieves precise approximation of spectra corresponding to hypo-
thetical square-wave functions that are otherwise unattainable by
natural materials. As a versatile tool, CoSP not only streamlines
the development of RMMs for thermal management, optical
computation, and telecommunications applications but also
establishes a new paradigm for Al-for-Science in the discovery
of smart photonic materials. Beyond its immediate implications
for photonics, the CoSP framework can be seamlessly extended to
other reconfigurable devices and multi-physics design challenges,
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FIGURE 6 | Ablation study on the effect of contrastive multi-state spectrum pretrain. CoSP achieves an MSE of 0.152, while the variant without

contrastive spectrum pretrain yields 0.328.

such as 2D metasurfaces and 3D metamaterials, paving the way
for a new generation of intelligent inverse-design methodologies.
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