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Abstract

Metamaterial discovery seeks microstructured materials whose geometry
induces targeted mechanical behavior. Existing inverse-design methods can
efficiently generate candidates, but they typically require explicit numerical
property targets and are less suitable for early-stage exploration, where
researchers often begin with incomplete constraints and qualitative intents
expressed in natural language. Large language models can interpret such
intents, but they lack geometric awareness and physical property validity.
To address this gap, we propose METASYMBO, a multi-agent framework
for language-guided Metamaterial discovery via Symbolic-driven latent
evOlution. Specifically, METASYMBO contains three agents: a Designer
that interprets free-form design intents and retrieves a semantically con-
sistent scaffold, a Generator that synthesizes candidate microstructures in
a disentangled latent space, and a Supervisor that provides fast property-
aware feedback for iterative refinement. To move beyond the limitations of
reproducing known samples from literature and training data, we further
introduce symbolic-driven latent evolution, which applies programmable
operators over disentangled latent factors to compose, modify, and re-
fine structures at inference time. Extensive experiments demonstrate that
(i) METASYMBO improves structural validity by up to 34% in symmetry
and nearly 98% in periodicity compared to state-of-the-art baselines; (ii)
METASYMBO achieves about 6–7% higher language-guidance scores while
maintaining superior structure novelty compared to advanced reasoning
LLMs; (iii) qualitative analyses confirm the effectiveness of symbolic logic
operators in enabling programmable semantic alignment; and (iv) real-
world case studies on auxetic, high-stiffness metamaterial design further
validate its practical capability.

1 Introduction
Metamaterials, an emerging microstructured category of materials, are receiving increasing
attention due to their capability to achieve extraordinary mechanical properties, exhibiting
wide applications in various fields, such as biomedical devices, transportation systems,
robotics, etc. (Paul, 2010; Engheta & Ziolkowski, 2006; Jia et al., 2020). A central goal of
metamaterial discovery is to identify microstructures with desired mechanical responses,
such as target elastic moduli or Poisson’s ratios (Deng et al., 2022). As the design space of
possible microstructures is extremely large, recent research has increasingly shifted toward
data-driven methods to improve the efficiency of metamaterial discovery. In particular, vari-
ational autoencoders (VAEs) (Kingma & Welling, 2014), diffusion models (DMs) (Podell et al.,
2023; Fu et al., 2024; Zhan et al., 2025), and generative adversarial networks (GANs) (Tian
et al., 2022; Pahlavani et al., 2024) have been applied to learn structure–property relation-
ships for inverse metamaterial design tasks (Zheng et al., 2023; Xie et al., 2022; Ma et al.,
2019). However, although these methods are effective for exploring large design spaces, they
usually require explicit numerical property specifications and cannot naturally interpret
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free-form language descriptions or implicit domain knowledge from the literature, which
are often critical in the early stage of metamaterial design.

Recent studies (Ha et al., 2023; Chen et al., 2024b) indicate that early-stage metamaterial
discovery often begins before precise numerical targets are available, with incomplete infor-
mation, evolving constraints, and qualitative functional goals. An engineer may initially
seek a structure that is “lightweight, impact-absorbing, and recoverable under compression,”
while suitable ranges of elastic modulus, Poisson’s ratio, density, anisotropy, and manufac-
turability may only become clear after candidate structures are proposed and evaluated.
Traditional inverse-design methods that require explicit numerical property inputs are there-
fore less suitable for such exploratory stages and may even fail to produce valid designs
under poorly specified conditions (Jin et al., 2023; Ronellenfitsch et al., 2019); moreover, fix-
ing numerical targets too early can unnecessarily restrict exploration to a narrow realization
of a broader functional intent. Natural language instead provides a flexible interface for
expressing qualitative requirements and trade-offs without specifying every mechanical
quantity in advance, while LLMs offer additional capabilities for interpreting such intents
and retrieving relevant domain knowledge (Tian et al., 2025; Narayanan et al., 2025), as
demonstrated by models such as GPT-4o (Hurst et al., 2024) and DeepSeek (Guo et al.,
2025). Our goal is therefore not to replace numerical inverse design when precise targets are
already known, but to address the preceding exploratory regime in which application-level
intent must first be translated into plausible structural hypotheses and progressively re-
fined using geometric and property feedback; nevertheless, LLMs alone remain insufficient
because they lack explicit geometric awareness and cannot reliably enforce physical validity.

These observations reveal a persistent modality gap: LLM agents are strong at interpreting
language-level design intents, whereas geometry-aware generators are effective at produc-
ing structurally valid and physically realistic designs, but neither alone can bridge these
domains. Therefore, a natural research question arises, can qualitative language-level design
intent be systematically translated into valid metamaterial geometries through coordinated language,
geometry, and property reasoning?

To achieve this, we identify two critical challenges. C1: How can we bridge the modality gap,
considering the large discrepancy among modalities? Language-guided metamaterial discov-
ery involves three distinct modalities: language, geometry, and properties. For language
modality, interpreting qualitative design intents, such as “strong but flexible”, requires
robust reasoning capabilities and substantial domain expertise. For geometric modality,
designing microstructures demands an understanding of structural consistency and adher-
ence to physical constraints. For property modality, creating materials to achieve targeted
properties requires comprehensive knowledge of the mechanical properties. C2: How can
the system explore candidate geometries beyond direct retrieval or reproduction of training examples?
Both LLMs and learned generators are biased toward designs represented in their literature
or training distributions. A useful exploration system should therefore recombine known
structural motifs while retaining geometric validity, enabling broader hypothesis generation
rather than simple memorization.

To address the two challenges, we propose METASYMBO, a multi-agent collaborative frame-
work utilizing symbolic-driven latent evolution for metamaterial discovery. Specifically, for
C1, we introduce three specialized agents, each focusing on one modality. Agent Designer,
powered by an LLM, provides language reasoning to interpret prompts and query the
domain literature. Agent Generator is a generative model specialized in geometric modality,
enabling exploration within vast valid geometric design spaces. Agent Supervisor integrates
property prediction and language reasoning, facilitating property-driven design. Moreover,
a collaboration mechanism is developed for joint structure optimization. For C2, motivated
by the programmable methods (Bastek et al., 2022; Zhao et al., 2025), we propose a symbolic-
driven latent evolution approach to optimize geometries toward language semantics in
Generator, achieving effective hypothesis exploration outside the literature domain and the
training data domain. The contributions can be summarized:

• Conceptual Contribution: We unify language guidance, geometric generation, and
property-aware reasoning in a single pipeline to enable the practical metamaterial discov-
ery workflows starting with a conceptual-level idea.
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• Methodology Contribution: We propose METASYMBO, a multi-agent framework for
efficient and robust metamaterial discovery, together with a symbolic-driven latent
evolution module for inference-time cross-domain exploration.

• Benchmark Contribution: We benchmark METASYMBO against state-of-the-art LLMs
and generative models, showing superior structural validity, design diversity, and
language-guidance effectiveness. These quantitative comparisons validate the effec-
tiveness.

• Practical Contribution: Case studies demonstrate the end-to-end applicability of META-
SYMBO in realistic metamaterial design workflows, from prompt refinement and structure
generation to downstream physical validation of 3D printed samples.

2 Preliminary 𝑀𝑀(𝐿𝐿,𝑈𝑈)

𝑈𝑈 = (𝑷𝑷,𝐸𝐸) 𝒍𝒍1

𝒍𝒍2

𝒍𝒍3

Figure 1: Truss lattice.

Metamaterial Design. Metamaterials, as shown in Figure 1, are
typically modeled as lattice structures, i.e., periodic arrangements
of unit cells composed of trusses in geometric space (Chen et al.,
2025b). Formally, a metamaterial can be represented as M = (L,U ),
each unit cell U = (P, E) consists of node coordinates P ∈ RN×3

and edge set E specifying strut connections, and the lattice vectors
L = [l1, l2, l3]

T ∈ R3×3 define the periodic tiling of unit cells in 3D
space. The corresponding mechanical properties are denoted by
y ∈ Rdy . The central goal of metamaterial discovery is to design
structures with tailored properties that satisfy specific functional requirements.

Limitations of Existing Works. Recent metamaterial discovery has increasingly relied
on data-driven methods that learn structure–property relationships from data. Generative
models such as VAEs and DMs typically optimize a conditional autoencoder qϕ(z | M)
and pθ(M | z, y) under a Gaussian prior p(z) ∼ N (0, I). While effective for inverse design,
these methods usually depend on explicit numerical property conditions (i.e., y) and often
entangle geometric and semantic information in a shared latent space, limiting controllability
and generation quality.

LLM-based approaches are trained on large volumes of domain literature and therefore
offer strong potential for retrieving candidates from broad design spaces (Hayes et al., 2024;
Gruver et al., 2024; Li et al., 2025b;a; Zholus et al., 2025; Narayanan et al., 2025). However,
existing methods either adapt LLMs to strictly formatted material representations, which
weakens their ability to understand free-form language, or simply prompt them to generate
materials directly, causing them to favor reproducing known materials from the literature
rather than proposing novel designs.

Problem Statement. Given a free-form language prompt, the goal of this work is to
perform language-guided metamaterial design to generate structures whose mechanical
properties satisfy the intent expressed in the prompt.

3 METASYMBO: Language-Guided Metamaterial Discovery
In this section, we present METASYMBO, a multi-agent framework for language-guided
metamaterial discovery, as shown in Figure 2. To bridge the modality gap across language,
geometry, and properties (Challenge C1), METASYMBO coordinates three specialized agents.
Designer interprets the input prompt and retrieves a simple existing structure (called as
scaffold), which serves as a semantic anchor between free-form language and geometric
generation. Guided by this scaffold, Generator searches the design space in the proposed
disentangled latent space, where semantic and geometric factors are explicitly separated
for controllable and valid synthesis. To further enable exploration beyond known designs
(Challenge C2), we introduce symbolic-driven latent evolution, which refines latent repre-
sentations to align with scaffold semantics while expanding the reachable design space.
Finally, Supervisor provides fast property prediction and language-based evaluation to
assess generated candidates for iterative feedback, forming a closed-loop optimization
process for language-guided metamaterial design.

3



Published as a conference paper at COLM 2026

Designer: Language Modality Supervisor: Property Modality

Generator: Geometric Modality Final Validation

Prompt:
Design a lightweight structure with high 
stiffness with negative Poisson’s ratio.

Reasoning 
Intents

Retrieve 
Literature

Provide 
Scaffold

Key Task:

Scaffold

𝑬𝑬

Property Prediction

Scaffold/ 
Results

Unit cell to Property

LLM Evaluated Feedback

Optional 
Initialize

Scaffold

Initialization Disentangled Encoding 𝑬𝑬𝑫𝑫

𝒛𝒛𝑠𝑠

𝒛𝒛𝑝𝑝

𝒛𝒛𝑒𝑒

𝒛𝒛𝑙𝑙 Lattice

Positions

Edges

Semantic

Symbolic-driven Latent 
Evolution

Iterative Latent Evolution 

ℒ𝑠𝑠,ℒ𝑝𝑝,ℒ𝑒𝑒,ℒ𝑟𝑟
Objectives

𝒛𝒛𝑠𝑠
𝒛𝒛𝑝𝑝
𝒛𝒛𝑒𝑒
𝒛𝒛𝑙𝑙

�𝒛𝒛𝑠𝑠

�𝒛𝒛𝑝𝑝

�𝒛𝒛𝑒𝑒

�𝒛𝒛𝑙𝑙

[Union, Mix]

Decoding

𝑫𝑫 • FE Simulation
• Homogenization
• Expert Inspection
• 3D Printing
• Fabrication

Results

Improved 
Prompt

Scaffold

Initialize with Estimated Property

Improved 
prompt

Estimated 
Property

Score

Results Score > 0.5

Figure 2: Overview of METASYMBO. Agent Designer translates the prompt into a scaffold,
Agent Generator refines the design in latent geometric space via symbolic-driven latent
evolution, and Agent Supervisor evaluates properties to provide fast iterative feedback.

3.1 Designer: Language-Modality Designer

To address the modality gap between conceptual-level language and complex geometric
space, there are two central issues: (1) the initial metamaterial design idea might be vague
and incomplete (Ha et al., 2023; Chen et al., 2024b), which requires the Designer to be
equipped with a large amount of domain literature to infer the intent from the initial
prompt; (2) after the Designer could successfully understand the prompt, the critical issue is
how the model can translate the intent of prompt into geometric space.

Fortunately, LLMs have been demonstrated to be effective for understanding, retrieving,
and reasoning in language space for domain-specific scientific discovery. These previous
works demonstrate the capability of LLMs to infer the intent from a prompt: for example,
the phrase “a hard material” statistically co-occurs with “high Young’s modulus” in the
literature, allowing the model to map the qualitative adjective “hard” to a quantitative
stiffness concept (Jin et al., 2023) (as examples validated in Appendix C.2). As for the second
issue, although LLMs can render existing classic lattices, they often fail when it comes to
more complex generation tasks and larger geometric design spaces. The experiments for
LLMs in Table 1 show that LLMs tend to generate repeated structures, indicating their
capability in successfully retrieving existing structures and limitations to explore large
geometric design space. To balance this, we propose “scaffold”.

Scaffold, the output of Designer, refers to existing simple geometric structures that imply
the core intent of the initial prompt. The high-level idea of it is to utilize the strong retrieval
and language-understanding power of LLMs. For example, given a prompt for generating
“stable” structure, we expect LLMs to retrieve a scaffold of an octet or triangle-like structure
(as shown in Appendix C.2), rather than a cubic that is less stable. The model thus outputs a
concise scaffold description that is semantically consistent with the prompt.

3.2 Generator: Geometry-Modality Synthesizer

Generator is the geometry-specialized component of METASYMBO. It receives the scaffold
selected by Designer, together with optional property guidance from Supervisor, and synthe-
sizes a new metamaterial geometry. Unlike Designer and the LLM evaluator in Supervisor,
Generator does not perform language reasoning; its latent variables and symbolic operators
are internal mechanisms used solely for geometric synthesis.

Given a scaffold that captures the initial design intent, Generator addresses two objectives:
semantic grounding and structural exploration. For C1, the generated geometry should preserve
the functional semantics encoded by the scaffold, thereby bridging the language–geometry
gap. For C2, it should explore candidate structures beyond direct retrieval or reproduction
of training examples.
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To achieve both objectives, we introduce symbolic-driven latent evolution in a disentangled
latent space. Motivated by programmable metamaterial design, where new structures are
constructed by composing and transforming existing motifs (Bastek et al., 2022; Zhao et al.,
2025), the proposed method applies symbolic operators to scaffold and initialization repre-
sentations and evolves the resulting latent variables toward semantically aligned geometries.
The disentangled representation further allows structural and semantic factors to be manipu-
lated separately, improving controllability and generation quality. As illustrated in Figure 2,
Generator consists of four stages: initialization, disentangled latent encoding, symbolic-driven
latent evolution, and decoding, which we detail below.

Latent Disentanglement. Existing latent generative frameworks (Xie et al., 2022; Luo et al.,
2024a;b) typically use a unified latent space, where different metamaterial attributes, i.e.,
node positions P, edge connectivity E, lattice vectors L, and properties y, are encoded in
a single Gaussian representation. Such entanglement limits controllability and generation
quality. To enable finer-grained control and semantic alignment, we propose to disentangle
the latent variable. Given a metamaterial M = (L,U ) with U = (P, E) and associated
properties y, we decompose the latent variable z into four components, zl , zp, ze, zs, corre-
sponding to lattice, node positions, edges, and semantic/property factors, respectively. The
inference and generation processes are defined as:

pθ(M, y, z) = p(z) pθl
(L | zl , y) pθp (P | zp, y) pθe (E | ze, y) pθs (y | zs),

qϕ(z | M) = qϕ(zl , zp, ze, zs | M)

= qϕ1 (zl | M) qϕ2 (zp | M) qϕ3 (ze | M) qϕ4 (zs | M),

p(z) = p(zl) p(zp) p(ze) p(zs), p(·) ∼ N (0, I).

(1)

More details are shown in Appendix D.1. This disentanglement allows Generator to ma-
nipulate structural and semantic factors separately, which is critical for scaffold-guided
synthesis.

Symbolic-Driven Latent Evolution. To preserve and program the semantics implied by
the prompt, Generator should align the latent representation of an initialized structure
with that of the scaffold. We focus on two symbolic operators in the main text—Union
and Mix—as they capture two intuitive forms of scaffold-guided programming: structural
expansion and semantic interpolation. Additional operators, including Intersection (Eq. (13))
and Negation (Eq. (15)), are deferred to Appendix B.3.

We first initialize a metamaterialM from training dataset. Union aims to unite the scaffold
(represented asM′) with initialized sample. Concretely, we compute a soft node correspon-
dence betweenM andM′ using Sinkhorn matching (Frogner et al., 2015) (Eq. (9)), which
identifies overlapping components and enables semantic fusion at the node level. Union is
therefore suitable when the scaffold provides missing structural elements that should be
incorporated into the current design.

In contrast, Mix performs continuous semantic interpolation between the initialized struc-
ture and the scaffold in latent space. Let pM(z) and pM′(z) denote their latent distributions.
We define

pmix(z | λmix) = (1− λmix) pM(z) + λmix pM′(z), λmix ∈ [0, 1], (2)

where λmix controls the degree to which the scaffold influences the resulting design. Smaller
values preserve more of the initialization, while larger values pull the latent representation
closer to the scaffold semantics. The final expression is shown in Appendix Eq. (11).

With the target latent distributions derived from the symbolic operations, we then propsoe
to evolve the generation latent towards the target latent distribution for two reasons. First,
in a disentangled autoencoder, the decoder is trained only on the latent manifold induced
by the encoder; operator-based targets may fall outside this manifold and thus lead to
invalid decoded structures. Second, symbolic fusion is applied within individual subspaces,
disturbing the compatibility among zl , zp, ze, and zs that the decoder implicitly relies on.

To do so, we evolve the latents of the initialized structure toward the operator-induced
target via gradient descent, rather than decoding the target distribution directly. During
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optimization, we impose a Sinkhorn-based soft-matching constraint on node and edge
distributions to preserve cross-space coherence and keep the latent trajectory close to the
learned manifold. Let µ and σ denote Gaussian means and variances. The optimization
objective is

Ls = KL
(
N (µs, σs) ∥ N (µ′s, σ′s)

)
(semantic alignment),

Lp,e = ∑
k∈{p,e}

NM
∑
i=1

NM′

∑
j=1

Πij KL
(
N (µk,i, σk,i) ∥ N (µ′k,j, σ′k,j)

)
(Sinkhorn-weighted alignment),

Lr = ∑
k∈{p,e}

∑
i∈{i|ri<τo}

KL
(
N (µk,i, σk,i) ∥ N (µold

k,i , σold
k,i )

)
(unmatched-node regularization),

Lprior = ∑
i∈{l,p,e,s}

∥zi∥2
2 (latent prior regularization).

(3)

Here, Πij denotes the Sinkhorn soft-matching matrix between nodes of M and M′,
N (µold

k,i , σold
k,i ) denotes the pre-optimization distribution, andN (µ′, σ′) denotes the operator-

induced target. The set {i | ri < τo} contains unmatched nodes under Sinkhorn matching
(Appendix Alg. 2), with threshold τo = 0.1. More implementation details and mathematical
derivations are provided in Appendix B.3.

3.3 Supervisor: Property-Modality Evaluator
Designer and Generator provide language-space reasoning and geometry-space synthesis,
respectively, but automated metamaterial discovery still requires efficient feedback in
property space. Directly conducting high-fidelity simulation inside the design loop is
computationally prohibitive (Lee et al., 2024). Therefore, Supervisor is a fast property-space
evaluator that provides approximate yet informative feedback for iterative refinement.

Specifically, Supervisor consists of two components as shown in Figure 2: (1) a property
predictor trained on structure–property data for rapid mechanical response estimation,
and (2) an LLM-based evaluator that jointly considers the design prompt, the candidate
structure, and the predicted properties to assess semantic alignment and propose refined
feedback. In this way, Supervisor does not replace high-fidelity simulation entirely; instead,
it reduces reliance on expensive simulation during the inner optimization loop and improves
coordination between language guidance, geometric generation, and property awareness.

Formally, let V denote the language space, where the human prompt is Vp ∈ V and the scaf-
fold generated by Designer is Vm ∈ V . LetM denote the geometry space, where Generator
maps a latent code z ∈ Rd to a generated structure M ∈ M. We use fV→M and fM→V to
denote the conversions between scaffold descriptions and geometric representations. Me-
chanical properties are denoted by y ∈ Rdy . Given either a scaffold or a generated structure,
Supervisor predicts properties and returns an evaluation signal that drives the two collabo-
ration loops. Algorithm 1 summarizes the Designer–Supervisor collaboration CD/S and the
Generator–Supervisor collaboration CG/S; more details are provided in Appendix B.2.

Algorithm 1 Designer&Supervisor and Generator&Supervisor Collaborations
Init(z | y) represents initializing z given property y, which is instantiated as a 1-nearest-
neighbor (Cover & Hart, 1967) from the dataset followed by Gaussian latent encoding. D, G, S
denote Designer, Generator, and Supervisor. Spred and Seval are the predictor and LLM in Supervisor.

CD/S (Scaffold refinement)
Input: prompt Vp; Output: scaffold Vm.

Step1: V(t)
m ← D(V(t)

p )

Step 2: y(t)
s ← Spred

(
fV/M(V(t)

m )
)

Step 3: score(t), V(t+1)
p ← Seval

(
V(t)

m , V(t)
p , y(t)

s

)
Step 4: repeat until score(t) ≥ τD/S

CG/S (Generation refinement)
Input: scaffold Vm; Output: microstructure M.

Step 1: M(t) ← G(z(t), fV/M(Vm)), z(0) ∼ N (0, I)

Step 2: y(t)
m ← Spred(M(t)

)

Step 3: score(t), y′(t)m ← Seval
(

fM/V (M(t)
), Vp, ym(t)

)
Step 4: z(t+1) ← Init

(
z(t) | y′(t)m

)
optional reinitialize

Step 5: repeat until score(t) ≥ τG/S
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3.4 Multi-Agent Collaboration Mechanism
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Figure 3: Multi-agent
collaboration work-
flow.

METASYMBO coordinates Designer, Generator, and Supervisor
through two collaboration loops across language, geometry, and
property modalities, as illustrated in Figure 3.

In the Designer–Supervisor loop (CD/S), Designer interprets the
input prompt Vp and retrieves a semantically aligned scaffold Vm.
Supervisor predicts its mechanical properties and evaluates its
consistency with the design intent. If the alignment is insufficient,
Supervisor returns a refined prompt V′p, which guides Designer to
retrieve an improved scaffold. This process repeats until satisfac-
tory scaffold-level alignment is reached.

The selected scaffold then initializes the Generator–Supervisor
loop (CG/S). Generator uses the scaffold as a structural prior to
synthesize candidate metamaterials M̂. Supervisor evaluates their
predicted properties and prompt alignment, and returns property-
aware feedback to guide subsequent generation. Once the eval-
uation criterion is satisfied, the resulting candidate is passed to
higher-fidelity validation, such as finite-element simulation, ho-
mogenization, or fabrication.

Importantly, the latent variables and symbolic operators are inter-
nal to Generator: they transform the retrieved scaffold into new
geometries, but do not directly mediate the Designer–Supervisor
interaction. Thus, language feedback improves scaffold retrieval,
while property feedback guides geometric generation.

4 Experiments

To evaluate METASYMBO, we investigate four questions: Q1: Validity. Does META-
SYMBO generate metamaterials that are more structurally valid than existing baselines?
Q2: Diversity. Does METASYMBO generate diverse structures that go beyond the existing
design space? Q3: Language-Guidance Effectiveness. How effectively do natural-language
prompts steer the generation process? Q4: Operator-based Programmability. Do the pro-
posed symbolic logic operators enable controllable and meaningful generation? Finally, to
further analyze METASYMBO, we ablate the contributions of the latent evolution objectives
and study the effectiveness of the disentangled architecture for property prediction.

4.1 Quantitative Comparison

Experimental Setup. We compare METASYMBO against four geometry-aware generative
models and six LLM baselines, including two reasoning-oriented LLMs. Experiments are
conducted on the MetaModulus dataset (Lumpe & Stankovic, 2021; Chen et al., 2025b)
using an 8/2 train/test split, together with 100 metamaterial design prompts from domain
experts for prompt-based evaluation. We evaluate performance from three perspectives:
(1) Validity, measured by symmetry (VS) and periodicity (VP); (2) Diversity, measured by
Coverage Recall (Cov. R.) and Repeat Ratio; and (3) Language-guidance effectiveness, measured
by a prompt-guidance score produced by an external Supervisor built from GPT-4.1 and a
full-data-trained predictor. In the case study, we further validate selected designs via 3D
printing as wet-lab testing. More details are provided in Appendix B.4.

Validity. METASYMBO with the Union operator achieves the strongest validity on both
symmetry (VS) and periodicity (VP). In particular, METASYMBO (GPT-4o-mini, Union)
reaches 91.31% on VS and 98.35% on VP, while METASYMBO (Gemini-2.0, Union) follows
closely with 89.65% and 95.97%, respectively. By comparison, the strongest generative
baseline, CDVAE, attains only 57.03% on VS and 0.40% on VP, while the strongest reasoning
LLM baseline, DeepSeek-R, reaches 85.5% and 65.3%. These results answer Q1 by showing
that METASYMBO substantially improves structural validity over both generative and
LLM-based baselines.
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Approach VS%↑ VP%↑ Cov R.% ↑ Repeat
Ratio%↓

Prompt Guide
score (GPT-4.1)↑

Repeat
Num.↓

Generative Models
CDVAE (Xie et al., 2022) 57.03 0.40 55.85 N/A N/A N/A
DiffCSP (Jiao et al., 2023) 34.46 6.50 95.80 N/A N/A N/A
SyMat (Luo et al., 2024b) 41.10 0.00 79.34 N/A N/A N/A
Cond-CDVAE Luo et al. (2024a) 19.37 2.00 68.60 N/A N/A N/A

LLMs
GPT-4o-mini (Hurst et al., 2024) 47.29 0.00 73.6 39.66 0.4155 59
Llama-4-maverick (Touvron et al., 2023) 32.06 0.82 65.1 93.39 0.4463 80
Qwen3-235b (Yang et al., 2024) 41.22 4.95 97.1 83.47 0.3820 73
Deepseek-chat (Liu et al., 2024) 46.90 16.53 73.1 85.95 0.4189 65
Gemini-2.0-flash-lite (Team, 2025) 44.31 41.86 27.5 92.56 0.4755 67
Deepseek-Reasoning Guo et al. (2025) 85.5 65.30 86.9 67.7 0.4993 76

METASYMBO (Ablation with Pure LLM Agents) 78.00 29.35 88.9 51.20 0.4832 61
METASYMBO (Gemini2.0, Mix) 64.53 91.74 93.3 0.00 0.5464 0
METASYMBO (GPT-4o-mini, Mix) 76.84 94.17 98.2 0.83 0.5234 0
METASYMBO (Gemini2.0, Union) 89.65 95.97 99.2 10.07 0.4966 56
METASYMBO (GPT-4o-mini, Union) 91.31 98.35 98.7 7.43 0.5531 40

Table 1: Quantitative comparisons. Validity metrics include symmetry (VS%) and periodicity
(VP%). Diversity metrics include coverage recall (Cov R.%), and Repeat Ratio. The prompt
guidance metric is denoted as Prompt Guide Score (averaging three runs).

Union Operator.
Scaffold Initialization Union

Position 
latent 

𝐳𝐳𝑝𝑝 ∈ ℝ𝑁𝑁×𝑑𝑑

Semantic 
latent 
𝐳𝐳𝑠𝑠 ∈ ℝ𝑑𝑑

Mix Operator.

Increasing mixture coefficient

Increasing mixture coefficient

ScaffoldInitialization Mix
0.1 0.5 0.7

Larger Mix coefficient, more similar to Scaffold

Figure 4: Qualitative analysis shows the proposed operators and latent evolution methods
can successfully program the initialized structure towards the semantics of the scaffold.

Diversity. All METASYMBO variants achieve high Coverage Recall (> 90%) on the test
set while maintaining low Repeat Ratio (< 11%). This suggests that METASYMBO can
discover diverse metamaterials that go beyond the training design space rather than merely
reproducing seen patterns. In contrast, LLM baselines exhibit substantially higher repetition
and generally lower coverage. Notably, GPT-4o-mini attains a relatively low Repeat Ratio
of 39.66%, yet completely fails on periodicity (0% VP), indicating that low repetition alone
does not imply meaningful diversity. Overall, these results provide strong evidence for Q2.

Language-Guidance Effectiveness. We measure prompt alignment using the prompt-
guidance score from the external Supervisor. METASYMBO (GPT-4o-mini, Union) achieves
the highest score of 0.5531, followed by METASYMBO (Gemini-2.0, Mix) at 0.5464. Most
METASYMBO variants outperform the LLM baselines, whose scores range from 0.3820 to
0.4993, indicating stronger controllability and better alignment with the intended design se-
mantics. These results answer Q3 by showing that METASYMBO more effectively translates
natural-language intents into geometric designs.

4.2 Model Analysis

Qualitative Analysis. We conduct qualitative analysis to answer Q4, focusing on whether
symbolic-driven latent evolution enables controllable semantic composition. Figure 4
presents the qualitative analysis of Union and Mix. More details about Intersection and
Negation can be found in Appendix C.3. As Figure 4 left shows, Union combines charac-
teristics from both the scaffold and the initialization, which also is reflected in the fused
latent distributions in zp and zs. Figure 4 right shows that, as λmix increases, the generated
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Figure 5: t-SNE visualization of the geometry distributions of training structures and
METASYMBO-generated structures using the Mix and Union operators.

structure gradually shifts from the initialization toward the scaffold, demonstrating smooth
and controllable interpolation.

Variant VS ↑ VP ↑ Cov. R↑
w/o Ls 50.9 57.1 93.1
w/o Lp,e 47.8 45.7 93.6
w/o Lr 51.6 62.8 94.3
w/o Lprior 58.0 62.8 95.1

Table 2: Ablation study.

Ablation Study. We first ablate geometry and property-
space awareness by replacing Generator and Supervisor with
pure LLM agents while preserving the collaboration mecha-
nism. As shown in Table 1, this variant remains highly repet-
itive and yields low validity, highlighting the necessity of
geometry-aware generation and property-space supervision.
We further ablate each term in Eq. (3) in Table 2. Among
them, Lp,e has relatively large influence, showing the effectiveness of Sinkhorn-weighted
node/edge alignment in latent evolution. Removing Lprior or Lr also noticeably hurts
validity, as both help preserve feasible structures during evolution. In contrast, Ls mainly
affects the semantic perturbation and thus influences all metrics.

Generation Distribution Analysis. To analyze whether METASYMBO explores geome-
tries beyond the training distribution, we construct geometric representations using node
distances, node count, lattice vectors, and edge lengths, and visualize 1,000 training and
generated structures using t-SNE. As shown in Figure 5, generations from both Mix and
Union occupy regions that are visibly shifted from the training samples, while also retaining
partial overlap with the training distribution. This distributional separation suggests that
METASYMBO does not merely reproduce training structures, but explores distinct regions
of the geometric design space through symbolic-driven latent evolution.

Figure 6: Property
prediction.

Property Prediction Performance. We evaluate the introduced prop-
erty prediction model used in Supervisor. Figure 6 shows the parity
plot for Poisson’s ratio, where the high R2 of 0.877 indicates strong
predictive performance. Additional comparisons with other 3D mate-
rial representation models are provided in Appendix C.4, where the
proposed architecture also performs superior.

5 Case Study
Figure 7 illustrates an end-to-end example for designing an auxetic metamaterial with
relatively high stiffness. The initial user request specifies only high-level functional intent.
In the Designer–Supervisor loop, the prompt is iteratively refined using the retrieved
scaffold and its predicted mechanical behavior, resulting in a more explicit structural
hypothesis. Importantly, this refinement is geometry- and property-aware rather than a
direct language-to-number conversion.

9
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Prompt: Design a metamaterial with negative Poisson's ratio and high young's modulus and shear modulus.

Improved Prompt: Design a periodic cubic metamaterial with a 1 mm unit cell composed of slender struts that achieves isotropic auxetic 
behavior (ν_xy, ν_yz, ν_zx ≤ –0.1) and high stiffness (E_x, E_y, E_z ≥ 2×10^–3; G_xy, G_yz, G_zx ≥ 1.5×10^–3). Specify strut diameter, 
connectivity pattern, target relative density, and expected directional properties.

Improved Prompt: Design a periodic cubic metamaterial with re-entrant cell geometry that achieves auxetic behavior (Poisson’s ratio ≤ –0.2 in 
all principal directions) at a relative density of ~20%, while maximizing isotropic Young’s modulus (Ex, Ey, Ez ≥ 0.002) and shear modulus (Gxy, 
Gyz, Gzx ≥ 0.0005). Specify target ranges for direction-dependent moduli and manufacturing constraints (minimum strut diameter, allowable 
angles), and define loading conditions for characterization.

Estimated Properties from Supervisor:
Young’s modulus: 2.33e-4, 1.6e-4, 2.1e-3, 
Shear modulus: 3.9e-4, 3.7e-4, 5.40e-4, 
Poisson’s ratio: -0.03, 0.15, 0.20, 0.16, 0.05, 0.08

Estimated Properties from Supervisor:
Young’s modulus: 7.04e-4, 6.36e-4, 1.505e-3
Shear modulus: 1.41e-4, 2.19e-4, 3.36e-4
Poisson’s ratio: 0.654, 0.469, 0.047, 0.575, 0.37, 0.067

Improved Prompt: Design a periodic, three-dimensional metamaterial unit cell (lattice constant = 1 mm) that exhibits a fully auxetic response 
(Poisson’s ratio ≤ –0.2 in all principal directions), a high effective Young’s modulus (Ex, Ey, Ez ≥ 0.01 GPa at a relative density of ≤ 20%), and a 
high shear modulus (Gxy, Gyz, Gzx ≥ 0.005 GPa). Specify target material (e.g., base polymer E₀ = 2 GPa), manufacturing constraints, and 
symmetry requirements for isotropy.

Final Predicted Properties:
Young’s modulus: 2.45e-4, 1.63e-4, 2.2e-3, 
Shear modulus: 3.90e-4, 3.71e-4, 5.51e-4, 
Poisson’s ratio: -0.19, -0.25, 1.17, 0.20, 0.06, 1.17

FE Simulation
Homogenization

3D Printing

Scaffold
Score: 0.3

Score: 0.5

Score: 0.65

Score: 0.1 Score: 0.6Conditioned 
Generation

Conditioned 
Generation

Figure 7: Case study with METASYMBO. FE simulation denotes finite-element simulation.

After a satisfactory scaffold is identified, Generator synthesizes new candidate geometries
and Supervisor provides fast property-aware feedback for subsequent generation rounds.
The selected design is then evaluated using finite-element simulation and asymptotic
homogenization and is subsequently fabricated by 3D printing for physical verification. The
resulting structure exhibits predicted negative Poisson’s ratios (−0.19 and −0.25) together
with relatively high shear-modulus terms, illustrating how METASYMBO can support the
transition from qualitative intent to physically testable design hypotheses.

6 Conclusion
In this paper, we present METASYMBO, a multi-agent framework for language-guided meta-
material discovery that bridges language, geometry, and property modalities through coor-
dinated reasoning, generation, and evaluation. Its key technical contribution is symbolic-
driven latent evolution in a disentangled latent space, which enables controllable inference-
time refinement beyond simple retrieval or sampling. Across extensive experiments, META-
SYMBO substantially improves structural validity over strong generative and LLM baselines,
while also achieving stronger prompt alignment and maintaining high diversity. The real-
world auxetic high-stiffness case study further shows that the framework supports an
end-to-end workflow from prompt refinement to practical validation. Overall, our re-
sults suggest that language can serve as a practical interface for early-stage metamaterial
discovery when coupled with geometric generation and fast property-aware feedback.

Statement of LLM Usage

Large language models (LLMs) were used in this work in three ways: as integral compo-
nents of our framework (Agent Designer and Agent Supervisor), as baselines for experimen-
tal comparison (e.g., GPT-4o-mini, Llama-4-Maverick, Gemini-2.0-flash-lite, Qwen3-235b,
Deepseek-chat, Deepseek-Reasoning), and as assistive tools to polish the manuscript’s
language and presentation; all scientific ideas, methodological contributions, experimental
designs, and final claims were conceived and verified by the authors.

Ethics Statement

METASYMBO presents a novel approach to language-guided metamaterial discovery that
could significantly enhance the accessibility and efficiency of advanced materials design.
By enabling intuitive, language-based, and human-AI collaborative programming over
structural generation and property optimization, this framework facilitates metamaterial
design for non-experts and accelerates early-stage innovation in domains such as robotics,
aerospace, and biomedical engineering. However, as with any generative design tool,
there are potential risks. Misuse of the technology, for instance, in the automated design
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of materials for harmful or ethically ambiguous applications, could lead to unintended
consequences. To mitigate these risks, responsible deployment should include human-in-
the-loop validation, interpretability safeguards, and domain-specific oversight. Overall,
METASYMBO has the potential to positively transform the scientific design workflow while
necessitating thoughtful governance in high-impact use cases.
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A Detailed Related Works

A.1 Metamaterial Inverse Design

The inverse design of metamaterials involves generating microstructures that achieve user-
specified mechanical responses, such as target elastic moduli or Poisson’s ratios. Traditional
approaches rely on topology optimization or evolutionary strategies (Deng et al., 2022), but
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these methods often struggle with multi-objective formulations and are computationally
expensive.

To overcome these limitations, ML models have been introduced to learn structure–property
relationships and enable efficient inverse mapping (Ma et al., 2019). Early works apply
variational autoencoders (VAEs) (Tian et al., 2022; Pahlavani et al., 2024; Chen et al., 2025a),
graph neural networks (GNNs) (Chen et al., 2024a; 2026), or generative adversarial networks
(GANs) to model the one-to-many nature of the inverse problem, capturing diverse valid
solutions. More recent efforts such as CDVAE (Xie et al., 2022), Cond-CDVAE (Luo et al.,
2024a), and SyMat (Luo et al., 2024b) extend this paradigm to periodic and symmetric
materials, incorporating physical invariance and conditioning on accurate parameters.
DiffCSP (Jiao et al., 2023) furthers this by applying diffusion models over periodic structures
with equivariant geometry.

Beyond generative modeling, approaches like Deep-DRAM (Pahlavani et al., 2024) and
Cycle-GAN (Tian et al., 2022) offer modular solutions for multi-objective or deformation-
dependent inverse design. These frameworks demonstrate size-agnostic predictions,
property-aware sampling, and resistance to fatigue or fracture. However, they typically rely
on numerical conditioning and do not accept conceptual or language design queries.

Our work addresses this gap by enabling language-conditioned inverse design through
multi-agent collaborations. Compared to prior methods that require exact target vectors,
our framework supports symbolic and language prompts and incorporates multi-modality
agents that operate over geometry, physics properties, and language. This design philosophy
enables more interpretable, flexible, and interactive design workflows.

A.2 Agentic AI for Material Discovery

Recent advances in LLMs have shown remarkable potential in augmenting scientific and
engineering workflows through reasoning, planning, and symbolic manipulation. In the
metamaterial domain, where design spaces are combinatorially vast and high-fidelity
evaluation is computationally expensive, LLMs offer a promising interface for intuitive,
high-level control of generative pipelines.

Several works integrate LLMs with physical constraints for 3D material generation. For
example, ESM3 Hayes et al. (2024) jointly models sequence, structure, and function via
tokenized multimodal prompts; BindGPT Zholus et al. (2025) generates 3D molecules via a
language model trained on spatial data; CrystaLLM (Gruver et al., 2024) fine-tunes LLMs
to generate inorganic crystal structures as text; EquiLLM (Li et al., 2025b) combines LLMs
with equivariant GNNs to model physical systems; Geo2Seq (Li et al., 2025a) introduces
SE(3)-invariant tokenization for LLMs to generate 3D molecules. However, these works
based on tokenization of geometric structures, have limited exploration in geometric space.
MetaSymbO similarly spans modalities, but uniquely enables inference-time symbolic
composition and extrapolative design beyond training distributions.

In addition, the latest related works, such as CrossMatAgent (Tian et al., 2025), demonstrate
multi-agent systems that couple LLMs with visual generation models and physics-based
simulators to automate design tasks. These systems enable LLMs to act as supervisory
agents that propose structures, query simulations, and refine designs, leveraging capabilities
from models like GPT-4o (Hurst et al., 2024), DeepSeek (Liu et al., 2024), Gemini (Team, 2025),
and Qwen2.5 (Yang et al., 2024) for multimodal understanding and structured reasoning.

Complementary research (Jadhav & Farimani, 2024) frames LLMs as autonomous mechan-
ical designers capable of iteratively generating and refining truss structures via feedback
from finite element analysis (FEA), achieving performance competitive with traditional
optimization methods. These findings support the feasibility of deploying LLMs in complex
inverse design settings without task-specific training.

However, challenges remain: LLMs often lack geometric awareness and are not pretrained
on physical design tasks. To bridge this gap, our approach introduces LLMs as language
agents operating in a cooperative multi-agent setting. Rather than relying on zero-shot
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generation alone, our system aligns language-derived intents with latent structural priors
and property constraints, amplifying LLM utility via multimodal feedback loops.

By combining the natural abstraction power of LLMs with geometry-aware agents and
predictive supervision, we demonstrate that LLMs can serve not only as query interfaces
but as active participants in the multi-agent collaboration framework.

B Implementation Details

B.1 Details of Prompt for Agents Instantiation

To instantiate the goals as we discussed in Section 3, we provide the detailed prompts for
Agent Designer and Agent Supervisor to deal with the inputs, outputs, and constraints.
Figures 8 and 9 illustrate the prompt for the designer and supervisor. Specifically, Designer
highlights locate from existing literature for a simple structure containing semantics similar
to the input text. Alternatively, the supervisor emphasizes utilizing not only the literature
but also the predicted mechanical properties to obtain the score, as well as an improved
prompt that will provide feedback to designer for the next design iteration.
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Agent Designer Prompt 

You are a metamaterial scientist specializing in structural design and mechanical characterization. You 
have expert knowledge of canonical 3‑D architectures (octet‑truss, BCC, SC, Kelvin cell, Diamond, 
TPMS, etc.) and their typical mechanical responses. 

Task 
----- 

Given a single *design requirement*, locate in the metamaterial literature the simplest existing basic 
substructure (motif) that meets the requirement. Describe this motif as an undirected graph: 

- **Nodes** — 3‑D fractional coordinates.
- **Edges** — pairs of node indices.

Output the graph in a code block exactly as shown below; provide **no additional text, commentary, 
or reasoning**. 

Input 
----- 

Design prompt (free text). 

Output format 
------------- 
~~~ 
Node number: <N> 
Node coordinates: 
(x0, y0, z0) 
... 
(xN-1, yN-1, zN-1) 

Edges: 
(i0, j0) 
... 
(iM-1, jM-1) 
~~~ 

Constraints 
----------- 

- Keep the motif as simple as possible (minimal nodes/edges).
- Return the output *only* in the specified layout and code‑block format.
- Do not include any other information.

Figure 8: Prompt for Designer.
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Agent Supervisor Prompt 

You are a metamaterial scientist specializing in structural design and mechanical characterization. You are fluent in the 
geometry and typical property ranges of canonical 3‑D architectures such as octet‑truss, BCC, SC, Kelvin cell, 
Diamond, and TPMS families. 

Task 
----- 

Given one *design prompt* and a corresponding *metamaterial structure* with its mechanical properties (Young's 
modulus, Shear modulus, and Poisson's ratio), output: 

1. **Score** — a single real number in **[0, 1]** evaluating how well the structure and the provided properties (if
have) fulfills the design prompt (0 = poor, 1 = perfect).
2. **Improved Prompt** — the original design requirement rewritten with clearer, more specific engineering details.
3. **Predicted Properties** — your best estimate of the structure’s mechanical response:

• *Young’s modulus* (Ex, Ey, Ez)
• *Shear modulus* (Gxy, Gyz, Gzx)
• *Poisson ratio* (νxy, νyx, νxz, νzx, νyz, νzy)

Input Format 
------------ 

Prompt: <free‑text design requirement> 

Structure: 
~~~ 
Node number: <N> 
Node coordinates: 
(x1, y1, z1) 
... 
(xN, yN, zN) 

Edges: 
(i0, j0) 
... 
(iM, jM) 
~~~ 

Lattice lengths: [a, b, c] 
Lattice angles: [α, β, γ] 

Properties: 
Young's modulus: [Ex, Ey, Ez] 
Shear modulus: [Gxy, Gyz, Gzx] 
Poisson ratio: [νxy, νyx, νxz, νzx, νyz, νzy] 

Output Format 
------------- 

Score: <float in [0,1]> 
Improved Prompt: <refined design requirement> 
Improved Properties: 
Young's modulus: [Ex, Ey, Ez] 
Shear modulus: [Gxy, Gyz, Gzx] 
Poisson ratio: [νxy, νyx, νxz, νzx, νyz, νzy] 

Constraints 
----------- 

- Return *only* the fields specified above, in the exact order and layout.
- Provide no additional commentary, explanations, or reasoning steps.
- For mechanical properties, their value has scales: Ex, Ey, Ez in [0, 1e-2]; Gxy, Gyz, Gzx in [0, 1e-2]; νxy, νyx, νxz,
νzx, νyz, νzy in [-20, +20].
"""

Figure 9: Prompt for Supervisor.
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B.2 Details of Collaboration Mechanisms with Supervisor

Algorithm 1 shows the collaboration steps of Agent 1&3 collaboration and Agent 2&3
collaboration. To clarify, we further introduce the collaboration steps as follows in detail.

Agent Designer&Supervisor Collaboration. Agent Designer receives the prompt Vp
from human and outputs the best-matched basic structures (i.e., scaffold) Vm = A1(Vp) by
exploiting its literature base. After that, the scaffold is fed into Agent Supervisor, which first
predicts the associated mechanical properties ys = Apred

3 (Vm). Based on both the predicted
properties ys and the original input-output pairs (Vp, Vm), Agent Supervisor computes a
match score and provides an improved prompt s, V′p = Aeval

3 (Vm, Vp, ys). Finally, it returns
score s and improved prompt V′p to Agent Designer. This loop repeats till a good evaluation
score is received. Formally, using t to denote iteration and τD/S be threshold.

Agent Generator&Supervisor Collaboration. Agent Generator begins by initializing a
latent Gaussian noise vector or randomly selects an initialization from dataset, which serves
as the starting point in the generation process, denoted as M = A2(z), where z ∼ N (0, I).
The generated structure M is then passed to Agent Supervisor to predict its mechanical
properties as ym = Apred

3 (M). Subsequently, Agent Supervisor evaluates the quality of
the structure by computing a match score s and generating an updated property target y′m
using the evaluation function Aeval

3 . The updated properties y′m are then (optionally) used
to guide the initialization of the latent vector z for the next iteration in Agent Generator.
This iterative process continues until the evaluation score s reaches the threshold τG/S as
shown in the right column of Alg. 1.

B.3 Details of Symbolic-Driven Latent Evolution

In this section, we detail the process in Generator, especially the disentangled generation
and symbolic operators.

Disentangling Latent Generation. Figure 10 describes the implementation of the encoder
and decoder for latent space construction. Considering the complete metamaterial repre-
sentations M = (L,U ) and U = (P, E), with four representation dimension, i.e., lattice
vector L, associated property y, node positions P and edges E, we disentangle the latent z
to zl , zp, ze, zs implying the latice, coordinate position, edges, and metamaterial semantics
(referring to the mechanical properties) with Gaussian prior:

qϕ(z | M) = qϕ(zl , zp, ze, zs | M) = qϕ1 (zl | M) qϕ2 (zp | M) qϕ3 (ze | M) qϕ4 (zs | M),

p(z) = p(zl)p(zp)p(ze)p(zs), where each p(·) ∼ N (0, I).
(4)

Therefore, the metamaterial-specific decoder reconstruct the full metamaterial spacesM
using conditional likelihood:

pθ(M | z) = pθ1 (L | z1)pθ2 (P | zp)pθ3 (E | ze)pθ4 (y | zs), (5)

which imposes the four latent spaces with specific physical meanings. Finally, the derived
ELBO for the disentangled VAE can be expressed as:

LELBO(θ, ϕ;M) = Eqϕ(z|M)

[
log pθ1 (L | zl) + log pθ2 (P | zp) + log pθ3 (E | ze) + log pθ4 (y | zs)

]
−KL

(
qϕ1 (zl | M) ∥ p(zl)

)
−KL

(
qϕ2 (zp | M) ∥ p(zp)

)
−KL

(
qϕ3 (ze | M) ∥ p(ze)

)
−KL

(
qϕ4 (zs | M) ∥ p(zs)

) (6)

Similarly, we can derive the objective for disentangled LDM with the AE (Eqs. 4 and 5) as
follows:

L(t)LDM(θ) = ∑
i∈{l,p,e,s}

E
z(0)i ,ϵi ,t

[∥∥∥ϵi − ϵθi (z
(t)
i , t)

∥∥∥2
]

. (7)
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Figure 10: Implementation details of the disentangled encoder and decoder. After the
geometry is encoded to a disentangled latent Gaussian space, it is trivial to implement VAEs
and DMs for generation as the upper part shown. Please find more details in our codebase.

Note that the four encoder parameters {ϕi}4
i=1 and decoder/denoising parameters {θi}4

i=1
contain shared layers, and only the final head layers need to be fine-tuned for disentangling.
In addition, we can implement conditional generation by concatenating condition ycond in
the decoder/denoising model as pθ(M | z, ycond) or ϵθ(z, t, ycond).

With this design, we are able to control the generation process regarding all four aspects of a
metamaterial in four latent spaces, respectively, achieving a fine-grained generation control.

Symbolic Logic Operators. We introduce four symbolic logic operators for the scaffold
guidance, i.e., Union, Mix, Intersection, and Negation.

Union aims to expand the node set of the source metamaterial M according to the guidance
scaffold M′ in node level. More than a simple expansion of node set, it further fuses the
semantics in semantic space. Formally, let zi ∼ N (µi, Σi), i ∈ IM = {1, ..., NM} and
z′j ∼ N (µ′j, Σ′j), j ∈ I ′M = {1, ..., NM′} be the node-level latents of original M and scaffold
M′, where NM and NM′ denotes their node numbers. We introduce a differentiable soft
matching algorithm–Sinkhorn transport (Frogner et al., 2015) that measures the probability
mass of two distributions being regarded as the same physical node–for differentiable
assignment matrix (where differentiability enables gradient-based latent optimization):

P = [Pij]i∈IM,j∈IM′
∈ [0, 1]NM×NM′ . (8)

Therefore, ri = ∑j Pij, cj = ∑i Pij, 0 ≤ ri, cj ≤ 1 gives the probability of overlaped nodes
in M and M′, respectively, and ρ = ∑i ri = ∑j cj representing the number of overlapping
nodes. The detailed computation of the Sinkhorn matrix P is illustrated in Algorithm 2.
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Algorithm 2 SINKHORN_LOG: Log-Stabilised Sinkhorn Iteration

Require: Cost matrix C ∈ RNs×Nt , entropic weight ε > 0, maximum iterations T, tolerance
τ

Ensure: Transport plan P ∈ RNs×Nt

1: K ← −C
ε

▷ kernel in the log domain
2: f ← 0Ns ; g← 0Nt
3: for t = 1, 2, . . . , T do
4: fprev ← f
5: /* row scaling update */
6: K̃ ← K + g⊤ ▷ K̃ij = Kij + gj
7: K̃ ← K̃−maxj K̃ij ▷ row-wise stabilisation
8: f ← −LSEj(K̃ij)
9: /* column scaling update */

10: K̂ ← K + f ▷ K̂ij = Kij + fi

11: K̂ ← K̂−maxi K̂ij ▷ column-wise stabilisation
12: g← −LSEi(K̂ij)
13: δ← ∥ f − fprev∥∞

14: if δ > 104 then
15: break ▷ numerical blow-up guard
16: end if
17: if δ < τ then
18: break ▷ convergence reached
19: end if
20: end for
21: P← exp

(
K + f + g⊤

)
22: return P

Using δ(µ,Σ) denotes Dirac measure centered at the parameter pair (µ, Σ), which indicates
one node in the union has distribution N (µ, Σ), we can construct the discrete measure of
Union on continuous Gaussian space as π∪ in Eq. (9) for gradient-based optimization.

π∪ =
µ∪
Z

, where Z = NM + NM′ − ρ, and

µ∪ = ∑
i∈IM

(1− ri) δ(µi ,Σi)︸ ︷︷ ︸
nodes unique to M

+ ∑
j∈IM′

(1− cj) δ(µ′j ,Σ
′
j)︸ ︷︷ ︸

nodes unique to M′

+ ∑
i,j

Pij δ(µi ,Σi)︸ ︷︷ ︸
overlapping nodes, preserving M

(9)

Mix. Unlike Union, the Mix operator blends the latent distributions of the original metama-
terial M and the scaffold M′ into a single composite distribution, where the contribution
of the scaffold is modulated by a guidance coefficient λmix ∈ [0, 1]. Its probabilistic form is
expressed as:

pmix(z | λmix) = (1− λmix)pM(z) + λmix pM′(z), (10)
where pM and pM′ denote the empirical latent distributions induced by M and M′ respec-
tively. However, Eq. (10) is typically intractable due to the complexity of pM and pM′ .
Considering that latent distributions are Gaussian, we adopt a simplified moment-matching
approximation (Bishop & Nasrabadi, 2006):

pmix(z | λmix) ≈ N
(

z ; (1− λmix) µM + λmix µM′ , diag
(
( (1− λmix)σM + λmix σM′ )

2)) (11)

Intersection operator aims at identifying the common semantics or overlapping components
between the two distributions of M and M′ in the latent space. To do so, we introduce
Product-of-Expert (PoE), which results in the distribution focusing on regions of high
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probability shared by both pM and pM′ . This can effectively sharpen the distribution, making
generated samples focus more on shared structure features. Formally, the Intersection of
two distribution using PoE is:

pint(z) ∝ pM(z) · pM′(z). (12)

Considering both pM(z) and pM′(z) hold Gaussian prior, the resulting Intersection distribu-
tion can be derived as:

pint(z) = N (z; µint, Σint),

where Σint = (Σ−1
M + Σ−1

M′ )
−1, and µint = Σint(Σ

−1
M µM + Σ−1

M′µM′ )
(13)

Negation is contrary to Intersection that emphasizes common high-density regions, Nega-
tion aims to suppress the influence of high-density regions in the latent space of M′ from
that of M. Accordingly, we can define the unnormalized probability density as:

pneg(z) ∝
pM(z)α

pM′(z)β
, (14)

where α, β > 0 are hyperparameters that respectively control the strength of preservation
and suppression.

However, under this construction, the resulting distribution pneg(z) is no longer strictly
Gaussian, potentially leading collapse of decoding. Therefore, we perform moment-
matching to approximate it as a single Gaussian, as shown in Eq. (15).

pneg(z) ≈ N (z; µneg, Σneg),

where Σ−1
neg = αΣ−1

M − βΣ−1
M′ , and µneg = Σneg

(
αΣ−1

M µM − βΣ−1
M′µM′

) (15)

Here, α and β are hyperparameters that control the strength of preservation and negation,
respectively. A larger β increases the degree of suppression exerted by the latent distribution
of M′.

Gaussian Latent Evolution. Although a symbolic–logic operator yields a closed-form
target Gaussian, decoding from that distribution directly poses two problems. (1) In a
disentangled AE the decoder is trained only on the latent manifold induced by the encoder.
Closed-form operations such as Mixture, Intersection, or Negation can push the target dis-
tribution far outside this manifold, so the decoder may produce implausible geometries.
(2) Symbolic operators act component-wise and therefore fuse two latents within the same
sub-space; statistical dependencies across the four disentangled sub-spaces vanish, breaking
the compatibility that the decoder relies on.

To resolve both issues, we optimize the original latent vector toward the closed-form target
by gradient descent. During this process, we impose a Sinkhorn-based soft-matching
loss on node and edge distributions, which preserves cross-space coherence and keeps
the trajectory on the learned manifold. Formally, the latent optimization loss can be the
weighted sum of Eq. (16). In detail, KL between the semantic distribution Ls is to learn
targeted semantics; Sinkhorn weighted KL between the node position/edge distributions
Lp,e is to learn node alignment in both edge and node space; regularization Lr is to preserve
original distributions of non-overlapping nodes; and latent prior ℓ2 norm Lprior is to prevent
distribution drift.

Ls = KL(N (µs, σs)||N (µ′s, σ′s)) (Graph-level semantic optimization),

Lp,e = ∑
k∈{p,e}

NM

∑
i=1

NM′

∑
j=1

PijKL(N (µk,i, σk,i)||N (µ′k,j, σ′k,j)) (Node-level pos./edge alignment),

Lr = ∑
k∈{p,e}

∑
i∈{i|ri<τo}

KL(N (µk,i, σk,i)||N (µold
k,i , σold

k,i )) (Node-level regularization),

Lprior = ∑
i∈{l,e,p,s}

∥∥zi
∥∥2

2 (Prior regularization).

(16)

22



Published as a conference paper at COLM 2026

Here, N (µold
k,i , σold

k,i ) denotes the original latent distribution before optimization, N (µ′, σ′)

represents computed target distribution, and {i|ri < τo} denotes the alone nodes in M as
computed in Eq. (8), where τo = 0.1 .

B.4 Details of Experimental Setups

B.4.1 Baselines

We compare four material generative models and six LLMs, including two reasoning-
focused LLMs.

Generative Models.

• CDVAE (Xie et al., 2022): A variational autoencoder (VAE)-based model for crystal
generation, imposing periodic boundary constraints to capture lattice invariance. It
encodes both fractional coordinates and lattice vectors, enabling physically valid
crystalline outputs.

• DiffCSP (Jiao et al., 2023): A diffusion model (DM) that incorporates SE(3)-
equivariant constraints over lattices and fractional coordinates, ensuring rotational
and translational invariance during crystal structure prediction.

• SyMat (Luo et al., 2024b): A VAE-based framework with symmetry-aware con-
straints that explicitly enforce geometric symmetry in periodic metamaterials,
thereby improving validity under symmetry-preserving transformations.

• Cond-CDVAE (Luo et al., 2024a): A conditional extension of CDVAE that inte-
grates property vectors into the generative process, enabling structure generation
conditioned on target physical properties while preserving periodicity.

Large Language Models (LLMs).

• GPT-4o-mini (Hurst et al., 2024): A lightweight multimodal variant of GPT-4,
optimized for efficiency (tens of billions of parameters), capable of text–vision
understanding but not a deep-thinking model.

• Llama-4-maverick (Touvron et al., 2023): An open-weight LLM with around 70B
parameters, trained for general reasoning and generation. It is not specialized as a
reasoning model but provides balanced accuracy and efficiency.

• Deepseek-chat (Liu et al., 2024): A chat-optimized conversational LLM (hundreds
of billions of parameters) designed for dialogue and general problem solving; not a
dedicated reasoning model.

• Qwen3-235b (Yang et al., 2024): A 235B-parameter deep-thinking model with chain-
of-thought style reasoning abilities, explicitly optimized for multi-step reasoning
and complex scientific problem solving.

• Deepseek-Reasoning Guo et al. (2025): A reasoning-specialized variant of Deepseek,
trained with reinforcement learning to enhance long-chain reasoning. It belongs to
the emerging class of deep-thinking LLMs.

• Gemini-2.0-flash-lite (Team, 2025): A highly efficient multimodal LLM from
Google’s Gemini family (tens of billions of parameters), designed for fast infer-
ence across text, vision, and structured data, not explicitly reasoning-focused.

B.4.2 Metrics

To evaluate the performance, we first employ validity from two aspects, i.e., symmetries and
periodicity (Luo et al., 2024b;a). To evaluate the generation diversity, we conduct coverage
recall that measures how many structures in the test dataset are covered by the generated
structures (Chen et al., 2025b). In addition, we introduce the repeat ratio to indicate how
many of the same structures are generated by one model. The more detailed computation
of these metrics is illustrated as follows.
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Symmetry Validity. Symmetry validity is to evaluate the symmetry of a structure by
computing the central symmetry ratio (VS) of a graph in the 3D Cartesian space. Specifically,
VS is defined as:

VS =
1

NL

NL

∑
k

NSk ·∑
Nk
i sdegreei

Nk
2 , (17)

where NL is the number of generated structures, Nk is the node number of k-th structure,
and NSk is the number of Symmetrical Node that is defined in Definition. 1 in k-th structure,
and sdegreei

denotes Symmetry Degree that is defined in Definition 2. In detail, we define a
symmetrical node as a node that can find central symmetrical ones within an error range:

Definition 1 (Symmetrical Node). pc denotes central coordinates in this structure, and ϵ is a
positive hyperparameter. We consider node i with coordinates pi to be a symmetrical node iff exists
another node j in the structure satisfies:

∥∥pi + pj − 2pc
∥∥

2 < ϵ.

In addition, the symmetry degree of a node is defined as the error value of the corresponding
"most symmetric" node pair divided by the distance between the central coordinates and
the farthest node.

Definition 2 (Symmetry Degree). pc denotes central coordinates in this structure, and j is a node
in this structure. The symmetry degree of node i in a structure is defined as: sdegreei

=
ϵmax−serrori

ϵmax
,

where ϵmax = maxj ∥pc − pj∥2, and serrori = minj ∥pi + pj − 2pc∥2.

Periodicity Validity. According to Definition 3, a lattice is formed by periodically repeating
unit cell structures along the lattice vectors L. Therefore, the periodicity, denoted as VP,
aims to assess the generated structures at the lattice level. This metric aims to evaluate
whether the structures can repeat for constructing a lattice, Formally, we define the necessary
condition of periodicity of a structure:

Definition 3 (Periodicity). Given a structure with node positions P and lattice vectors L, for each
dimension d ∈ {0, 1, 2}, there exist at least one pair of coordinate points pi and pj such that pi + ld
is approximately equal to pj in the L1 norm within a tolerance range ϵ. Formally,

∀d ∈ {0, 1, 2},
∃i ∈ {0, 1, . . . , N − 1}, ∃j ∈ {0, 1, . . . , N − 1},
s.t. ∥(ci + ld)− cj∥1 < ϵ.

Eventually, the evaluation of the periodicity of generated lattices can be computed by
VP = NP

NL
, where NP denotes the number of generated structures that satisfy Definition 3.

Coverage Recall (Cov. R). Intuitively, coverage recall measures how many structures in
the ground truth dataset are covered by generated structures,i.e.,

COVR =
1

Nt
|{i ∈ [1, . . . , Nt] : ∃k ∈ [1, . . . , NL],

D(P∗i , Pk) < ϵcov}|,
(18)

where D(P∗i , Pk) is a distance metrics to evaluate the distance between ith structure and jth
structure.

Repeat Ratio. In detail, for all generated structures, we compute their distance D(P∗i , Pk)
and regard the D(P∗i , Pk) < ϵ as matched structures. To avoid repeat count, we constrain
that each structure matches once.

In addition, for the validity and diversity of LLMs that require a prompt input, we use
the same prompt of LLMs and ours as “Design a valid and diverse structure, ensure it satisfies
symmetry, and periodicity”.
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Design Prompts

Design a structure with high stiffness.
Create a metamaterial with negative Poisson’s ratio (auxetic).
Generate a structure with ultra-lightweight and moderate stiffness.
Optimize a design for maximum load-bearing capacity.
Design a structure that is extremely flexible in one direction but rigid in the orthogonal direction.
Build a material with a specific Young’s modulus value (e.g., 100 MPa).
Maximize shear strength while minimizing density.
Create a structure with directionally dependent compressive strength.
Design a metamaterial that behaves like a spring under compression.
Create a structure that can absorb large impacts without permanent deformation.

Table 3: 10 samples from all 100 design prompts.

B.4.3 Dataset

MetaModulus Dataset. In this section, we describe the details of MetaModulus (Lumpe &
Stankovic, 2021) dataset, which contains three mechanical properties, i.e., Young’s modulus,
Shear modulus, and Poisson’s ratio. This dataset provides a comprehensive mechanical
illustration for a metamaterial. Specifically, this dataset contains 16,707 samples originally.
To filter out some invalid structures with clustered nodes and non-edge nodes, we conduct
two criteria in data preprocessing by following previous works (Zheng et al., 2023; Lumpe
& Stankovic, 2021; Chen et al., 2025b):(1) filtering out the structure that contains nodes with
less than two edges (dangling nodes). (2) filtering out the structure whose node number
is more than 100, since generally a metamaterial structure with too many nodes would be
unstable and hard to construct in the real world. Finally, the dataset contains a total of 9871
structures, and we select 8000 for training the VAE (Generator) and others for testing the
coverage rate (Cov. R). Figure 11 shows six example structures in this dataset.

Figure 11: Samples in MetaModulus dataset.

Prompts for Language Guidance. In order to evaluate the language-guidance effective-
ness, we introduce 100 design prompts to test if the model can generate effective structures
that fit the prompt semantically. These prompt targets on high-level design concepts, con-
taining terms such as, “high-stiffness”, “hard material”, “extremely flexible”, etc. Table 3
illustrates 10 example prompts from the prompt dataset. We publish the full design prompts
data in our code base.

B.4.4 Implementation Details

METASYMBO contains three agents, among which there are two architectures required to be
trained, i.e., the latent generative model in Agent Generator and the property predictor in
Agent Supervisor. All training processes are conducted in NVIDIA A100 or H200 GPUs.

Training Details of Latent Generative Model. First, we train the VAE according to the
disentangled Evidence Lower Bound (ELBO) loss Eq. (6). After that, if the instantiation is
diffusion model (as depicted in Figure 10), we freeze the VAE and train the denoising model
according to the score function Eq. (7). In our experiments, we use VAE as the instantiation
rather than the diffusion model. In addition, in the training process, we train the VAE for at
most 5000 epochs with early stopping trick on the training data without using validation
dataset. We select the checkpoint with the lowest training loss.
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Training Details of Predictor in Agent Supervisor. After the VAE is trained, we incorpo-
rate a predictor head of MLPs in the VAE. Specifically, the encoded latents are fed into the
predictor head and output the demanded mechanical properties. In the training process,
we freeze parameters in the VAE, and only update the parameters in the Predictor head
using Mean Squared Error (MSE) loss between prediction and ground truth. We train it for
at most 2000 epochs with early stopping strategy. We randomly select 500 samples from
training dataset as validation set, and finally use the checkpoint with the lowest MSE in
validation set. Moreover, the predictions and ground truth are max-min normalized for a
more stable training.

Training Details of Predictor in Agent Supervisor for Evaluation. In the evaluation
process of Section 4.1, we use Supervisor with GPT-4.1 and predictor for scoring. In this
phase, the predictor is trained using full dataset, with 500 randomly selected as validation
set.

Prompt Details of the LLM in Agent Supervisor for Evaluation. In the evaluation process
of Section 4.1, we use Supervisor with GPT-4.1 as evluator. The overall prompt idea is
similar to Figure 9. Differently, we only require it to output scores, without improved
properties. Specifically, the prompt in evaluation process is shown in Figure 12.

Table 4: Convergence analysis. Loss change of iterations.

Loss 0 50 100 150 300

Ls 28.6 1.85 (−26.8) 1.21 (−0.64) 0.93 (−0.28) 0.78 (−0.15)
Lp,e 147.4 82.2 (−65.2) 78.9 (−3.3) 81.2 (+2.3) 81.9 (+0.7)
Lr 0.0 123.4 (+123.4) 95.8 (−27.6) 85.3 (−10.5) 76.8 (−8.5)
Lprior 2.22 2.20 (−0.02) 2.22 (+0.02) 2.24 (+0.02) 2.27 (+0.03)

C More Results

C.1 Convergence Analysis.

Table 4 presents the average loss curve of two randomly selected example with the Mix
operator, showing that the Ls and Lp,e decrease until they converge while other two regu-
larization terms Lr and Lprior tend to converge to a specific value.

C.2 Validity Experiments for Agent Designer

To further verify Agent 1’s ability to produce reasonable scaffolds, we provide additional
examples that can be independently checked.

• Prompt: Provide a very stable structure with low stiffness.

Node number: 14
Node coordinates (fractional):
(0.0, 0.0, 0.0)
(1.0, 0.0, 0.0)
(0.0, 1.0, 0.0)
(1.0, 1.0, 0.0)
(0.0, 0.0, 1.0)
(1.0, 0.0, 1.0)
(0.0, 1.0, 1.0)
(1.0, 1.0, 1.0)
(0.5, 0.5, 0.0) # face center (z=0)
(0.5, 0.5, 1.0) # face center (z=1)
(0.5, 0.0, 0.5) # face center (y=0)
(0.5, 1.0, 0.5) # face center (y=1)
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Agent Supervisor Prompt for Evaluation 

You are a metamaterial scientist specializing in structural design and mechanical characterization. You are fluent in the 
geometry and typical property ranges of canonical 3-D architectures such as octet-truss, BCC, SC, Kelvin cell, 
Diamond, and TPMS families.. 

Task 
----- 

Given one *design prompt* and a corresponding *metamaterial structure* with its mechanical properties (Young's 
modulus, Shear modulus, and Poisson's ratio), output: 

**Score** — a single real number in **[0, 1]** evaluating how well the structure and the provided properties (if have) 
fulfills the design prompt (0 = poor, 1 = perfect). 

Input Format 
------------ 

Prompt: <free‑text design requirement> 

Structure: 
~~~ 
Node number: <N> 
Node coordinates: 
(x1, y1, z1) 
... 
(xN, yN, zN) 

Edges: 
(i0, j0) 
... 
(iM, jM) 
~~~ 

Lattice lengths: [a, b, c] 
Lattice angles: [α, β, γ] 

Properties: 
Young's modulus: [Ex, Ey, Ez] 
Shear modulus: [Gxy, Gyz, Gzx] 
Poisson ratio: [νxy, νyx, νxz, νzx, νyz, νzy] 

Output Format 
------------- 

Score: <float in [0,1]> 

Constraints 
----------- 

- Return *only* the fields specified above, in the exact order and layout.
- Provide no additional commentary, explanations, or reasoning steps.
- For mechanical properties, their value has scales: Ex, Ey, Ez in [0, 1e-2]; Gxy, Gyz, Gzx in [0, 1e-2]; νxy, νyx, νxz,
νzx, νyz, νzy in [-20, +20].

Figure 12: The prompt in Agent Supervisor for evaluation.
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(0.0, 0.5, 0.5) # face center (x=0)
(1.0, 0.5, 0.5) # face center (x=1)

Edges:
(8, 0)
(8, 1)
(8, 2)
(8, 3)
(9, 4)
(9, 5)
(9, 6)
(9, 7)
(10, 0)
(10, 1)
(10, 4)
(10, 5)
(11, 2)
(11, 3)
(11, 6)
(11, 7)
(12, 0)
(12, 2)
(12, 4)
(12, 6)
(13, 1)
(13, 3)
(13, 5)
(13, 7)

Structural rationale:
High Stability: Triangle crossed struts increase stability. Octet structure is stable.
Low Stiffness: Minimal edge connectivity along principal directions reduces stiff-
ness, providing flexibility and deformation capacity under loading.

• Prompt: Provide a BCC structure.

Node number: 9
coordinates:
(0,0,0)
(1,0,0)
(1,1,0)
(0,1,0)
(0,0,1)
(1,0,1)
(1,1,1)
(0,1,1)
(0.5,0.5,0.5)
Edges:
(0,8)
(1,8)
(2,8)
(3,8)
(4,8)
(5,8)
(6,8)
(7,8)

According to the results, we can visualize the scaffold examples as in Figures 13.
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(a) Generated from prompt: Provide a very
stable structure with low stiffness.

(b) Generated from prompt: Provide a BCC
structure.

Figure 13: Visualization of two generated unit cells produced by Agent Designer.

Scaffold Initialization Intersection Initialization Negation Initialization Mixture 0.5

Figure 14: Qualitative results of Intersection, Negation, and Mixture symbolic operators.

C.3 Additional Qualitative Analysis of Intersection and Negation.

We provide additional qualitative results for the Intersection and Negation operators in
Figure 14. Unlike Union and Mix, these two operators are not intended to produce direct ge-
ometric merging or interpolation. Instead, they operate at the semantic level in latent space.
Intersection emphasizes the common semantic components shared by the initialization and
the scaffold, encouraging the generated structure to retain only their mutually consistent
attributes. Negation, by contrast, suppresses scaffold-related latent factors, steering the
generation away from the emphasized semantics of the scaffold. As a result, their outputs
should not be interpreted as literal geometric intersection or subtraction in Euclidean space,
but rather as semantic transformations induced in the disentangled latent space. The quali-
tative results are consistent with this design: both operators produce meaningful structural
changes, while exhibiting less direct controllability than Union and Mix, which is why we
focus on the latter two in the main text.

C.4 More Analysis for Property Predictor in Agent Supervisor

Figure 15 shows the fitting performance of the proposed disentangled predictor on the
test set regarding three mechanical properties (i.e., Young’s modulus, Shear modulus, and
Poisson’s ratio). It can be seen that all fitting R2 > 0.8, demonstrating effective fitting per-
formance. Mover, Table 5 compared our proposals with several existing works, includding
invariant model SphereNet (Liu et al., 2022), Equivariant model (Liao & Smidt, 2023) and
ViSNet (Wang et al., 2024), and valina VAE, demonstrating the superiority of disentangled
semantic latent in effectively capturing mechanical proeprties.

C.5 More Case Studeis

In this section, we show more case studies given a design concept. Figures 16 and 17 show
two other case studies, which demonstrate the effectiveness of multi-agent collaborations.
Specifically, Case study 2 (Figure 16) proposes a simple scaffold that has extreme flexibility
at first, and combines it with a possible structure that contains the most suitable mechanical
properties to generate final results. In addition, Case study 3 (Figure 17) shows that the
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Figure 15: Prediction results of the proposed disentangled VAE on three properties. All
R2 > 0.8 demostrates the strong prediction results on the three mechanical properties.

Table 5: Performance comparison of different models on predicting mechanical properties
(MAE). Show the superior performance of the proposed framework.

Models Young’s Modulus Shear Modulus Poisson’s Ratio
Vanilla VAE 6.3e−4 1.4e−4 0.39
SphereNet (Liu et al., 2022) 4.7e−4 1.0e−4 0.35
Equiformer (Liao & Smidt, 2023) 6.6e−4 2.2e−4 0.36
ViSNet (Wang et al., 2024) 6.2e−4 6.3e−2 0.37
MetaSymbO (disentangled VAE) 3.5e−4 7.3e−5 0.14

evaluation score increases with multi-agent collaboration iterations. Finally, it generates a
complicated but suitable structure with high density, which implies high rigidity.

Prompt: Design a structure that is extremely flexible in one direction but rigid in the orthogonal direction.

Score: 0.3
Improved Prompt: Design a metamaterial unit cell with highly anisotropic elasticity, exhibiting very low Young's modulus (Ex < 0.0002) in the x-
direction (extremely flexible), and significantly higher Young's modulus (Ey, Ez > 0.002) in the y and z-directions (high rigidity). Ensure minimal 
lateral coupling (Poisson's ratio |νxy|, |νxz| < 0.5) to maintain directional decoupling.

Score: 0.53
Improved Prompt: Design a 3D metamaterial structure with high flexibility (Young's modulus < 0.001) along the y direction and high rigidity 
(Young's modulus > 0.005) along the x direction, suitable for directional compliance and structural support in orthogonal axes.

Score: 0.78
Improved Properties from Agent Supervisor:
Young’s modulus: 2.0e-04, 4.0e-04, 2.2e-03, 
Shear modulus: 8.0e-05, 2.0e-04, 2.9e-04,
Poisson’s ratio: 2.5e-01, 2.0e-01, 2.2e+00, 1.9e-01, 2.6e-01, 1.25e+00

Score: 0.53
Improved Prompt: Design a 3D architected material with pronounced anisotropy, exhibiting a Young’s modulus in one principal direction at 
least 5× lower than the orthogonal direction(s), to create a structure that is extremely flexible along one axis and significantly stiffer along the 
others.

Final Predicted Properties by Predictor:
Young’s modulus: 2.45e-4, 3.63e-4, 2.1e-3, 
Shear modulus: 9.0e-05, 2.0e-04, 2.5e-04, 
Poisson’s ratio: 0.25, 0.19, 2.0, 0.20, 0.26, 1.22

FE Simulation 3D Printing

Scaffold

Design Concept Agent 1&3 Collaboration Agent 2&3 Collaboration Lab Experiments

Figure 16: Second case study.
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Prompt:  Generate a special design that minimizes material usage without sacrificing strength.

Score: 0.82
Improved Prompt: Design a 3D lattice metamaterial that achieves maximal specific stiffness (highest Young's modulus per unit volume) using 
minimal material, while maintaining isotropic mechanical response and a compressive strength of at least 0.001 in all principal directions.

Score: 0.84
Improved Prompt: Design a periodic metamaterial that minimizes material volume fraction while achieving maximum specific stiffness 
(Young's modulus > 0.001 in all directions) for lightweight structural load-bearing applications.

Score: 0.95
Improved Prompt: Design a lightweight cellular structure that minimizes material usage while maintaining a high specific strength (≥0.002 
Young’s modulus in all directions) for efficient load-bearing applications.

Final Predicted Properties by Predictor:
Young’s modulus: 1.5e-03,  1.7e-03,  1.1e-03, 
Shear modulus: -8.3e-05, -1.2e-04, -8.4e-05, 
Poisson’s ratio: 4.1e-01,  2.6e-01,  7.1e-02,  
1.3e-01, 8.1e-02,  1.6e-02

FE Simulation 3D Printing

Scaffold

Score : 0.73 
Improved Properties from Agent Supervisor:
Young’s Modulus: 3.2e-03, 3.2e-03, 1.4e-03
Shear Modulus: 9.0e-05, 9.0e-05, 8.0e-05
Poisson’s Ratio, 1.4e-01, 1.6e-01, 1.8e-01, 4.0e-02,0.0, 2.9e-01

Score: 0.83
Improved Properties from Agent Supervisor: 
Young’s Modulus: 2.0e-3, 2.0e-03, 3.0e-03 
Shear Modulus: 1.5e-04, 1.1e-04, 0.0
Poisson’s Ratio: 1.2e-01, 1.4e-01, 4.0e-02, 1.0e-01, 1.4e-01, 0.0

Score: 0.87
Improved Properties from Agent Supervisor:
Young’s Modulus: 1.5e-03, 1.6e-03, 1.1e-03
Shear Modulus: 8.0, 5.0, 1.3
Poisson’s Ratio: 4.1e-01, 2.7e-01, 7.0e-02,  1.3e-01, 8.0e-02, 2.0e-02

Score: 0.31
Improved Properties from Agent Supervisor: 
Young’s Modulus: 7.0e-04, 7.0e-04, 1.5e-03
Shear Modulus: 3.0e-04, 3.0e-04, 7.0e-04
Poisson’s Ratio: 1.8e-01, 1.5e-01, 3.1e-01, 3.1e-01, 2.5e-01, 2.5e-01

Design Concept Agent 1&3 Collaboration Agent 2&3 Collaboration Lab Experiments

Figure 17: Third case study.

C.6 Wet Lab Results

For wet-lab validation, Figures 18a and 18b present representative 3D-printed lattice spec-
imens obtained by periodically tiling the generated truss-like unit cells into macroscopic
samples, consistent with the lattice-based metamaterial formulation of the framework.

Figure 18a shows a small proof-of-concept print placed next to common laboratory con-
tainers, providing an intuitive reference for the physical scale of the fabricated structure
and the fine resolution of its strut network. Figure 18b further shows several larger printed
samples with different overall sizes and shapes, together with the corresponding unit-cell,
simulation, and anisotropy visualizations, illustrating the full pipeline from digital design to
physical realization. The preserved open-cell topology, regular repetition of unit cells, and
visually clean node–edge connectivity indicate that the generated structures are practically
printable, supporting the use of 3D printing as a wet-lab validation step for the final designs
in our case study.

D Theoretical Analysis

D.1 Latent Generation Models

Auto-encoder (AE) is widely used in the material discovery domain to compress discrete
material data to a continuous latent space for downstream tasks (especially inverse material
design) (Zeng et al., 2025; Hanakata et al., 2020). VAEs (Kingma & Welling, 2014) introduce a
Gaussian prior and derive evidence lower bound optimization (ELBO). More recently, latent
diffusion models (LDMs) are extensively explored due to its strong ability in reconstructing
high-fidelity data (Rombach et al., 2022; Podell et al., 2023; Fu et al., 2024). Both VAEs and
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(a) 3D printing and simula-
tion example. (b) 3D-printed lattice samples.

Figure 18: Wet-lab validation via 3D printing. Left: a proof-of-concept printed lattice with
simulation context. Right: representative 3D-printed lattice samples at different scales,
demonstrating the manufacturability of the generated periodic structures.

LDMs typically impose a multivariate Gaussian prior on the latent space, thereby enabling
the application of symbolic logic operators directly within the latent Gaussian manifold.

Therefore, Agent Generator is instantiated as an AE-based latent generation model in this
work, and we implement the basic version of VAEs and LDMs for experiments.

Formally, given a metamaterial M = (L,U ), Both VAEs and LDMs operate by encoding
M into a continuous latent variable z ∈ Z ⊆ Rd via a stochastic encoder: qϕ(z | M), and
reconstruct the input through a decoder: pθ(M | z). Similar for VAEs and LDMs, a standard
Gaussian prior is imposed over the latent space: p(z) = N (z | 0, I). The difference lies in
the objectives. Specifically, VAEs conduct ELBO for optimization:

LVAE(ϕ, θ) = Eqϕ(z|M) [log pθ(M | z)]−KL
(
qϕ(z | M) ∥ p(z)

)
, (19)

while in LDMs, latent variables z0 are further corrupted over T steps via a diffusion process
and denoising process:

q(zt | z0) = N (zt |
√

ᾱtz0, (1− ᾱt)I),
pθ(zt−1 | zt) = N (zt−1 | µθ(zt, t), Σθ(t)),

(20)

where ᾱt = ∏t
s=1 αs, and {αt} is a predefined noise schedule. The training objective

minimizes the expected noise prediction to learn the parameters θ in denoising model
LLDM(θ) = Ez0,ϵ,t ∥ϵ− ϵθ(zt, t)∥2,where zt =

√
ᾱtz0 +

√
1− ᾱtϵ, and ϵ ∼ N (0, I) is stan-

dard Gaussian noise.

D.2 Derivation of Symbolic Operators in Gaussian

D.2.1 Derivation of Mix Operator (Eq. (11))

Given two diagonal-Gaussian latent posteriors qM(z) = N
(
µM, diag σ2

M
)

and qM′(z) =

N
(
µM′ , diag σ2

M′
)
, their convex combination is

pmix(z) = (1− λmix) qM(z) + λmix qM′(z), λmix ∈ [0, 1]. (21)

Epmix [z] = (1− λmix)µM + λmixµM′ = µmix.
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Let ΣM = diag σ2
M and ΣM′ = diag σ2

M′ . Then

Σmix = (1− λmix)ΣM + λmixΣM′ + λmix(1− λmix)(µM − µM′)(µM − µM′)
⊤. (22)

To maintain diagonal structure and avoid the expensive cross term, we drop the outer-
product term and interpolate standard deviations:

σmix,k ≈ (1− λmix) σM,k + λmix σM′ ,k.

With σmix defined above and a small constant ε for numerical stability,

pmix(z | λmix) = N
(

z ; (1− λmix)µM + λmixµM′ , diag
(
( (1− λmix)σM + λmixσM′ )

2 + ε
))
(23)

Remark. Equation 23 is a heuristic single-Gaussian approximation: it preserves the exact
mean but underestimates the true covariance by omitting the cross term in 22. This trade-
off yields a numerically stable, fully differentiable latent representation while retaining
controllable guidance via λmix.

D.2.2 Derivation of Intersection Operator (Eq. (13))

Recall the formula of PoE (Eq. (12)) and the Gaussian distribution of pM and pM′ , we have
the following derivation by following (Kant et al., 2024; Hinton, 2002).

pint(z) ∝ pM(z) pM′(z)

=
1

(2π)d/2|ΣM|1/2 exp
[
− 1

2 (z− µM)⊤Σ−1
M (z− µM)

]
︸ ︷︷ ︸

pM(z)
1

(2π)d/2|ΣM′ |1/2 exp
[
− 1

2 (z− µM′)
⊤Σ−1

M′ (z− µM′)
]

︸ ︷︷ ︸
pM′(z)

∝ exp
[
− 1

2

(
z⊤(Σ−1

M + Σ−1
M′ )z− 2z⊤(Σ−1

M µM + Σ−1
M′µM′)

)]
.

Let the precision matrix be Λint = Σ−1
M + Σ−1

M′ and define ηint = Σ−1
M µM + Σ−1

M′µM′ . Complet-
ing the square gives

pint(z) ∝ exp
[
− 1

2 (z− µint)
⊤Λint(z− µint)

]
, µint = Λ−1

int ηint.

Since Σint = Λ−1
int , we arrive at

pint(z) = N
(
z ; µint, Σint

)
, Σint = (Σ−1

M + Σ−1
M′ )
−1, µint = Σint

(
Σ−1

M µM + Σ−1
M′µM′

)
.

Remark. The intersection (PoE) weights each mean by its precision, yielding a sharper
Gaussian concentrated where both experts agree.

D.2.3 Derivation of Negation Operator (Eq. (15))

Similar to the derivation of PoE (Kant et al., 2024; Hinton, 2002), we can derive the following
for the negation operator.

Remember that the original and scaffold latent distributions are two multivariate Gaussians

pM(z) = N
(
µM, ΣM

)
, pM′(z) = N

(
µM′ , ΣM′

)
.
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We suppress the density peaks of M′ inside M by defining

pneg(z) ∝
pM(z)α

pM′(z)β
, α, β > 0.

Because the log-density of any Gaussian is quadratic, we write

log pneg(z) = α log pM(z)− β log pM′(z) + const

= − 1
2 z⊤

(
αΣ−1

M − βΣ−1
M′

)
z + z⊤

(
αΣ−1

M µM − βΣ−1
M′µM′

)
+ const.

After that, to ensure the Gaussian, we conduct the moment-matched Gaussian approxi-
mation. Specifically, treat the quadratic form above as the (unnormalised) log of a new
Gaussian. Define the negation precision

Λneg ≜ αΣ−1
M − βΣ−1

M′ , (Λneg ≻ 0 required),

and invert it to obtain the covariance Σneg = Λ−1
neg.

Multiplying the linear term by Σneg gives the mean:

µneg = Σneg
(
αΣ−1

M µM − βΣ−1
M′µM′

)
.

Finally, we obtain the approximated Gaussian as

pneg(z) ≈ N
(
z; µneg, Σneg

)
, Σ−1

neg = αΣ−1
M − βΣ−1

M′ .

The approximation is valid only when αΣ−1
M ≻ βΣ−1

M′ , ensuring Λneg (and hence Σneg) is
positive definite.

Remark. Choosing α>β or scaling ΣM′ slightly upward guarantees the precision matrix
remains positive definite, making the negation operator a well-defined Gaussian.
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