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Abstract

Metamaterials, engineered materials with architected structures across mul-
tiple length scales, offer unprecedented and tunable mechanical properties
that surpass those of conventional materials. However, leveraging advanced
machine learning (ML) for metamaterial discovery is hindered by three
fundamental challenges: (C1) Data Heterogeneity Challenge arises from
heterogeneous data sources, heterogeneous composition scales, and hetero-
geneous structure categories; (C2) Model Complexity Challenge stems from
the intricate geometric constraints of ML models, which complicate their
adaptation to metamaterial structures; and (C3) Human-AI Collaboration
Challenge comes from the “dual black-box” nature of sophisticated ML
models and the need for intuitive user interfaces. To tackle these challenges,
we introduce a unified framework, named MetamatBench, that operates
on three levels. (1) At the data level, we integrate and standardize 5 het-
erogeneous, multi-modal metamaterial datasets. (2) The ML level provides
a comprehensive toolkit that adapts 17 state-of-the-art ML methods for
metamaterial discovery. It also includes a comprehensive evaluation suite
with 12 novel performance metrics plus a finite element-based assessment
to ensure accurate and reliable model validation. (3) The user level features
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a visual-interactive interface that bridges the gap between complex ML
techniques and non-ML researchers, advancing property prediction and in-
verse design of metamaterials for research and applications. MetamatBench
offers a unified platform that enables ML researchers and practitioners to
develop and evaluate new methodologies in metamaterial discovery. For
accessibility and reproducibility, we open-source our benchmark and the
codebase at https://github.com/cjpcool/Metamaterial-Benchmark.
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Figure 1: An overview of metamaterials. Metamaterials are microstructured materials with effective material properties beyond
their compositions. The multiscale architecture of metamaterial enables high mechanical efficiency and unusual properties,
showing great potential in applications like biomedical devices, transportation systems, robotics, etc.

1 Introduction

Metamaterials are an emerging class of materials that achieve un-
usual material properties through designed architecture at mul-
tiple length scales. They have been extensively studied in the
past decades for their superior, tunable, and programmable ma-
terial properties, demonstrating huge potential in diverse applica-
tions [22, 50]. As illustrated in Figure 1 (left), while conventional
material properties are dominated by their atomic structure [47, 66],
architected metamaterials emphasize the structure of a material,
with scales ranging from the nano- and micro-scales up to macro-
scale. Therefore, studies on metamaterials, e.g., truss-based metama-
terials, often focus on designing the geometric structure of a unit
cell. Micro-lattice materials have shown high stiffness, damage tol-
erance, reconfigurable and programmable properties, and even neg-
ative material indices (such as negative Poisson’s ratio and negative
thermal conductivity) [31]. Such high performance with unusual
properties drives the wide application of metamaterials in vari-
ous engineering fields (lightweight metamaterial empowers space
transport systems, large void space metamaterials enhance marine
application, low thermal conductivity metamaterials are applied to
thermal protection systems, etc.), as shown in Figure 1 (right).
Because of their truss-based geometric characteristics, metama-
terials are typically modeled as 3D graphs composed of nodes and
edges to study how their 3D structures influence mechanical prop-
erties. Existing works [3, 26, 46, 68] generally employ graph neural
networks (GNNs) [17, 35, 36] to capture the structural information
for mechanical property prediction [29, 46] or metamaterial in-
verse design [42, 52, 68]. In parallel, advanced studies in geometric
machine learning (ML) have extensively explored techniques to in-
tegrate rich 3D structural information in molecules [6, 10, 18, 23, 25,
38,41, 56, 58, 61] and crystal researches [32, 44, 62, 63, 67]. Although
many studies have benchmarked these methods on atomic crystal
and molecular scales [7, 20, 21, 40], it remains unclear how advanced
geometric ML approaches perform in the multiscale metamaterial
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domain. Consequently, there is a critical need to establish a stan-
dardized benchmark and evaluation platform that bridges the gap
between current metamaterial modeling techniques and advanced
geometric ML approaches, ensuring comprehensive integration and
assessment of 3D structural information in metamaterial discovery.

In this paper, we identify three key challenges in constructing a
metamaterial benchmark. C1: Data heterogeneity. This challenge
arises from (1) diverse data sources, e.g., structural geometry, me-
chanical properties, and experimental measurements, (2) complex
structure categories, e.g., trusses, shells, foams, etc., and (3) rich
properties e.g., stiffness and modulus. C2: Model complexity. The
second challenge stems from the complexity of ML models and their
potential incompatibility with multiscale metamaterials. Specifi-
cally, these ML models typically have a complex taxonomy with
various backbones and geometric constraints. Additionally, they
generally target atomic graphs and chemical properties, which are
typically incompatible with metamaterials. These complexities pose
challenges to evaluating and benchmarking advanced ML models
on metamaterial applications. How to integrate and evaluate these
complex ML models is a problem of pressing needs. C3: Human-AI
collaboration. A goal of this work is to empower metamaterial
researchers to easily leverage advanced ML models to accelerate
progress in related fields. Achieving this requires fostering effec-
tive human-AI collaboration across diverse research domains. On
one hand, sophisticated ML models often function as black box for
researchers who may lack expert knowledge about advanced ML
models. Instead, a visual-interactive interface may help researchers
interact with the Al system. On the other hand, human users are
also black box for the Al system. It is hard for the Al system to
anticipate how researchers use it. To address this “dual black-box”
challenge, a human-AlI collaborative interface is essential to facilitate
metamaterial research.
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In this paper, we propose MetamatBench as shown in Figure 3,
which contributes to the data level, ML level, and user level, es-
tablishing a robust, comprehensive, and user-friendly benchmark
system. Within MetamatBench, the data level combines heteroge-
neous and multi-modal data sources into a unified framework to
tackle the first challenge. The intermediate ML level consists of a
model toolbox and an evaluation toolbox. The model toolbox fo-
cuses on two fundamental tasks, and assembles a wide range of ML
models with various geometric characteristics for a comprehensive
comparison. The evaluation toolbox employs a multi-perspective
evaluation framework with several novel metrics to ensure ro-
bust evaluations. The topmost user level emphasizes human-Al
collaboration, mitigating the dual black-box issue by providing a
visual-interactive interface. This three-level system is integrated
to advance the exploration and research of metamaterials. To the
best of our knowledge, MetamatBench is the first benchmark for
metamaterial that integrates heterogeneous data, ML models, novel
metrics, and a visual-interactive interface The overall contributions
can be summarized as follows.

Database Development: We collect and process five metamate-
rial datasets covering multi-modal lattice structures, and unify
the representation of three 3D graph metamaterial datasets.

ML Toolbox Development: We introduce a model toolbox that

integrates 17 models designed for 3D crystal materials and molecules,

and adapts them to metamaterial learning to assess their effective-
ness in metamaterial tasks. Moreover, we develop a evaluation
toolbox that includes an evaluation framework with novel met-
rics for robust metamaterial assessment and finite element (FE)
computation-based metrics for physics-aware evaluation.
Visual-Interactive Interface Development: We design a visual-
interactive interface to facilitate human-AI collaboration and data
visualization. This interface helps metamaterial researchers ex-
plore advanced methods and choose appropriate ML models,
thereby bridging the gap between metamaterial research and
ML. We publish the code for the visual-interactive interface that
allows for local deployment.

Open-Sourced Codebase: For accessibility and reproducibility,
we have open-sourced our benchmark and the codebase at https:
//github.com/cjpcool/Metamaterial-Benchmark.

2 Preliminary

2.1 Previous Benchmarks

In recent years, many benchmarks of ML for scientific discov-
ery have emerged with the breakthroughs made in AI for sci-
ence [33, 60, 67]. These benchmarks have explored the application
of complex ML to 3D atomic-scale scientific discovery. However,
they generally focus on crystal or molecular materials with chem-
ical properties, as demonstrated in the top part of Table 1. For
instance, [13, 14, 16, 21, 30, 51, 55] focus on benchmarking crystal
materials where atom type and chemical properties dominate the
learning space, and [12, 53] benchmark ML models on molecular
space that is also based on atom type and chemical properties. The
metamaterials that specifically focus on multiscale architectures
and mechanical properties still lack exploration. Therefore, to fill
the gap, a comprehensive metamaterial benchmark with a unified
representation is needed.
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2.2 Unified Metamaterial Representation

To address data heterogeneity (C1), we introduce a metamaterial
representation to unify 3D graph datasets and benchmark them
with advanced geometric graph learning methods. This unified
metamaterial representation considers a six-dimensional learning
space, de-emphasizing atomic element information while high-
lighting structural lattice characteristics. In general, we denote
M(L,U,y) as a metamaterial. Figure 2 illustrates the hierarchi-
cal six-dimensional learning space of a metamaterial considering
the necessary details of unit cell and lattice for metamaterial appli-
cations. The six dimensions of the learning space are labeled D1
through D6 for reference:

Definition 1 (Metamaterial Property). The mechanical properties
of a metamaterial (D1) are represented asy € R4, where d is the
property dimension.

Definition 2 (Lattice Representation). The metamaterial lattice
structure (D2) is denoted by L = [ly, 11, lz]T € R33 where l; € R3,
capturing the periodic angles and lattice lengths in 3D space.

Definition 3 (Unit Cell Representation). The metamaterial unit
cell is represented by U (P, X, E, D), composed of four components:
node coordinates (D3), node attributes (D4), edge connections (D5),
and Edge attributes (D6).

To be specific, node coordinates (D3) denote the N node positions
in 3D Cartesian system: P = [po, p1, . - ,,pN_l]T € RN*3 where
p; € R3. In addition, we provide the transformed fractional coor-
dinates in the unified representation for convenient computation.
Node attributes (D4) X € RV*4 denotes the specifically designed
one hot encoding of four types of N nodes, i.e., face node, corner
node, edge node, and inner node, as depicted in Figure 2. Unlike
atomic graphs, where node attributes naturally depict the element
type, the designed representation of node attributes emphasizes
structural information. Specifically, similar to [26], we classify all
nodes into outer nodes and inner nodes, where inner nodes are the
nodes inside the unit cell while outer nodes are shared by multiple
unit cells in a lattice since the periodical repetition, for example,
face nodes are shared by two unit cells, edge nodes are shared
by four unit cells, and corner nodes are shared by eight unit cells.

Metamaterial Representation
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Figure 2: Unified metamaterial representation.
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Figure 3: An overview of MetamatBench: bottom dataset level provides a base for various metamaterial applications; middle
ML level includes ML models and evaluation toolbox benefits researchers in finding the best suitable models; top user level
visual-interactive interface enables human-AI dual black-box collaborations.

Edge connections (D5) E = {(e;, ej)} describe the edges between
i-th and j-th node. Edge attributes (D6) D € RMX! record the
auxiliaries for M edges, e.g., edge diameter which determines the
density of a unit cell.

3 MetamatBench Development
3.1 MetamatBench: Overview

MetamatBench is a multi-level system containing data level, ML
level, and user level, as illustrated in Figure 3. In this section, we
introduce the development of MetamatBench from bottom to top,
i.e., from database development (Section 3.2), ML model toolbox and
evaluation toolbox development (Section 3.3), to visual-interactive
interface development (Section 3.4).

3.2 MetamatBench: Database Development

The data level aims to mitigate data heterogeneity challenges (C1)
by collecting and preprocessing various data sources to a unified
data representation. Overall, Table 1 compares the datasets included
in MetamatBench (bottom portion of the table) to those commonly
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used in prior work (top portion). It shows that MetamatBench in-
cludes a large number of datasets with a specific focus on metama-
terial and mechanical properties. MetamatBench collects heteroge-
neous metamaterial datasets across multiple modalities. We then
apply a unified data sanitization process and use the unified meta-
material representation (defined in Section 2.2) for the integrated
3D graph datasets. This unified process enables fair evaluation of
different 3D graph models, and it also paves the way for future
exploration with multiple data modalities for metamaterial design.

Heterogeneous Data Sources. Metamaterials often require com-
plicated structures to achieve desired properties, which can be
difficult to design and predict. Therefore, we anticipate that the
integration of multi-modal data will alleviate this challenge and
further advance the field, attracting more researchers to explore
this topic. We collect three modalities of datasets in this bench-
mark, including three 3D graph-based datasets (MetaStiffness [9],
MetaModulus [42], and MetaTruss [68]), one 2D image dataset (La-
grangianFrame [8]), and one point cloud dataset (PointCloud [15]).
To be specific, MetaModulus [42] is a metamaterial dataset con-
structed from two publicly accessible crystal material databases,
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RCSR [49] and EPICNET [54]. This dataset provides three prop-
erties, i.e., Young’s modulus, Shear modulus, and Poisson’s ratio.
MetaStiffness [9] is a dataset that employs seven fundamental lattices
to construct metamaterials. By combining three lattice types, 262
unique topologies are generated, with additional variants produced
through rotation and scaling transformations. Each structure’s stiff-
ness tensor is characterized by 21 independent elastic constants.
MetaTruss [68] is generated from five elementary truss lattices, ran-
domly adding or deleting edges and adjusting the node positions.
It filters out the physically invalid lattices and randomly selects
lattices to construct the final dataset. LagrangianFrame [8] proposes
representing metamaterials in a Lagrangian frame (instead of the
traditional Eulerian frame) and provides a 2D dataset of metama-
terial structures generated in this Lagrangian coordinate system.
PointCloud [15] produces 29,400 3D point-cloud data constructed
by sampling existing datasets to avoid inherent data biases.

Data Sanitization. We observe several issues (described be-
low) on these datasets, leading to the collected datasets not being
directly applicable for benchmarking. Therefore, we design a multi-
perspective prototype following previous works [9, 68] to filter out
invalid structures for these datasets. This prototype includes follow-
ing hard constraints to automatically filter out invalid structures,
and it is also considered in our proposed evaluation toolbox for
validity evaluation.

e Metamaterial-Oriented Sanitization: At the metamaterial
level, we observe that some property values are missing in the
datasets. For example, many lattices in MetaModulus dataset
miss the property of Poisson’s ratio. Therefore, these samples
with missing values are filtered out to ensure data completeness.
Lattice-Oriented Sanitization: At the lattice level, we discover
that the node coordinates might exceed the lattice range, e.g.,
some nodes in MetaModulus. In addition, we find that some
nodes in MetaModulus dataset are extremely close. Therefore,
we propose distance restriction to filter out these lattices with dis-
persed or clustered nodes. The lattices containing node distances
larger than lattice lengths or smaller than a specified threshold
are identified and subsequently removed from the dataset.
Unit-Cell-Oriented Sanitization: At the unit cell level, we find
that some structures are invalid. For instance, many unit cells in
MetaModulus are physically invalid. We propose that the unit
cell (node connection patterns) of metamaterials should satisfy:
(1) Connection graph: all structures should be connected graphs.
(2) Dangling restriction: there are no dangling nodes in a structure,
i.e,, all nodes have at least two edges connecting to other nodes.
After conducting these hard constraints for sanitization, the het-
erogeneity of three collected datasets is reduced (as analyzed in
Section 4.1). The final data statistics are summarized in the bottom
rows of Table 1. More statistics can be found in Appendix E.1.

3.3 MetamatBench: ML Toolbox Development

The ML level development aims to integrate and evaluate advanced
ML levels for metamaterials applications by addressing the model
complexity challenge (C2). In the ML toolbox, we assemble 17 state-
of-the-art ML models (Table 2) into a model toolbox and propose a
comprehensive evaluation toolbox with 12 novel metrics (Table 3)
to evaluate ML models’ effectiveness on metamaterial applications.
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Model Toolbox. Our model toolbox focuses on two fundamen-
tal tasks (i.e., metamaterial generation and property prediction)
and assembles a wide range of ML models with various geometric
characteristics for a comprehensive comparison. Specifically, to
compare 3D graph models for metamaterials, we consider both
emerging 3D crystal graph models and the well-developed 3D mol-
ecule graph models. These two research areas focus on different
aspects of 3D graphs while still sharing similarities for benchmark-
ing metamaterial-based tasks. For example, crystal-targeted models
should preserve periodic symmetries due to the periodic nature of
the material [45], which is not necessary for molecules. Instead,
the latter requires completeness for distinguishing molecule chiral-
ity [34, 57]. In addition, we specifically compare the performance
of two mainstream types of 3D graph models, i.e., equivariant and
invariant models [11], on metamaterial datasets.

Overall, to benchmark 3D graph models on metamaterial, the
proposed taxonomy in Figure 3 covers: (1) generative models and
predictive models, (2) crystal material, molecular, and metamaterial
graph models, (3) models with different periodicity constraints,
(4) models with symmetry constraints, such as equivariant model
and invariant model, and (5) models with various backbones. The
detailed model taxonomy is summarized in Table 2.

Based on this taxonomy, we benchmark the two fundamental
tasks, i.e., prediction task and generation task. Both tasks are cru-
cial in measuring the effectiveness of ML models for metamaterial
learning in various application scenarios.

Evaluation Toolbox. We develop a novel evaluation framework
in the ML toolbox to evaluate ML models for metamaterial appli-
cations. Adopting a multi-perspective approach, our evaluation
framework is designed to provide robust and unbiased assessments
of metamaterial models. This is accomplished by incorporating and
adapting established metrics from previous works [9, 42, 44, 62, 68]
and by developing new metrics that capture the unique characteris-
tics of metamaterials. As illustrated in Table 3, property prediction
task focuses on accuracy through a combination of three metrics,
while generation task evaluates model performance based on the
validity, diversity, and conditional effectiveness of the generated
lattices. Additionally, the overall evaluation also considers the effi-
ciency of both training and testing processes. More details of the
evaluation toolbox are illustrated in Appendix C. Here, we provide
several definitions for unbiased generative evaluation metrics. First,
we define a symmetric node as a node that can find its central
symmetric counterpart within an error range:

Definition 4 (Symmetric Node). Consider node i with coordinates
pi, the node is a symmetric node if there exists another node j in the
structure that satisfies: ||p,~ +pj— 2pC“2 < €, wherep denotes central
coordinates in the structure, and € is a positive hyperparameter.

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 5 (Symmetry Degree). The symmetry degree of node

.. . €, =S, -

i in a structure is defined as: Sgegree; = — ¢+, where emax =
max

max lpc — Pj||2, Serror; = MiN;j IIp: +pj— 2pcll2, pe denotes cen-

tral coordinates in this structure, and j is a node in this structure.
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Table 1: Comparison of material datasets. The upper group includes conventional atomic-scale materials commonly used in
ML. The lower five datasets, collected by MetamatBench, focus on metamaterials with specialized mechanical properties.

Dataset Design Target Periodic Property # Samples
Carbon24 [51] Atomic-scale crystalline materials v Energy 10,153
Perov5 [13, 14] Perovskite-type crystalline materials v Energy 18,928
MP20 [30] Crystalline atomic materials v Chemical properties 45,231
MatBench [21] Inorganic bulk materials v Chemical properties 312-132,752
0C20 [16] Bulk-adsorbate interface materials X Energetic 640,081
QMOF [55] Metal-organic framework (MOF) materials v Chemical properties >20,000
QM9 [53] Molecular compounds X Chemical properties ~134,000
OMDRB [12] Organic crystalline materials v Electronics 12,500
MetaModulus [42] Architected truss metamaterials for modulus design v Three mechanical properties 16,707
MetaStiffness [9] Architected truss metamaterials for stiffness optimization v Elastic constants 1,048,575
MetaTruss [68] Architected truss metamaterials for homogeneous stiffness v Homogeneous stiffness 965,736
PointCloud [15] Truss metamaterials (3D point-cloud representation) v Mechanical properties 29,400
LagrangianFrame [8] Shell and truss metamaterials (2D Lagrangian frame) v Stress and strain 53,007

Table 2: The statistics of comparison methods. * indicates conditional generation support. Abbreviations: Trans Inv. (Translation
Invariance), Glob (Global), Equiv. (Equivariant), Rot. (Rotation), VAE (Variational Auto Encoder), Diff (Diffusion), MPNN (Message
Passing Neural Networks), GCN (Graph Convolutional Networks), LatDiff (Latent Diffusion), Perm. (permutation).

Methods Task Design Target Periodicity Symmetry Backbone
EDM* [28] Generation Molecule N/A Equiv. Diff
GeoLDM* [65] Generation Molecule N/A Equiv. LatDiff
DiffCSP [32] Generation Crystal Trans Inv. Equiv. (lacks lattice Perm. Equiv.) Diff
CDVAE [62] Generation Crystal Trans Inv. Inv Enc + Equiv Dec VAE+Diff
EquiCSP [39] Generation Crystal Trans Inv. + Perm Eq. Equiv. Diff
Cond-CDVAE” [43] Generation Crystal Trans Inv. Inv Enc + Equiv Dec VAE+Diff
SyMat [44] Generation Crystal Trans Inv. Inv Enc + Inv Dec VAE+Diff
Crystal-Text-LLM* [27] | Generation Crystal N/A N/A GPT-2
CrystaLLM* [4] Generation Crystal N/A N/A LLaMA-2
SchNet [58] Prediction Molecule N/A Glob Inv MPNN
SphereNet [41] Prediction Molecule N/A Glob Inv MPNN
Equiformer [37] Prediction Molecule N/A Equiv. MPNN
ViSNet [61] Prediction Molecule Trans. + Rot. Inv Equiv. MPNN
CGCNN [63] Prediction Crystal Trans Inv. Glob. Inv. GCN
ALIGNN [19] Prediction Crystal Trans Inv. Glob Inv GCN
UniTruss [69] Prediction =~ Metamaterial N/A N/A VAE
MACE-+ve [26] Prediction = Metamaterial N/A Equiv. MPNN

We then introduce periodicity, denoted as Vp, to assess the gen-
erated structures at the lattice level. This metric aims to evalu-
ate whether the structures can repeat for constructing a lattice.
Formally, we define the necessary condition of periodicity of a
structure, e.g., if a lattice is periodically valid, it must satisfy this
definition, as follows.

Definition 6 (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 p; andpj s.t. ||[(pi +14) —pjll1 <e,
where || - ||1 is the L1 norm and € is the tolerance range.

In addition to ML-level evaluation, we also include an FE sim-
ulation tool in this toolbox, which can accurately predict elastic
properties given the lattice graphs. This simulation tool enables
researchers to make more informed decisions.

In summary, we develop the evaluation toolbox from 5 perspec-
tives (i.e., validity, diversity, conditional effectiveness, accuracy, and
efficiency) with 12 metrics, plus an FE simulation tool for physics-
aware computation.

3.4 MetamatBench: Visual-Interactive Interface
Development

At the user level, MetamatBench provides a web interface to address
the human-Al collaboration challenge (C3). The visual-interactive
interface consists of three main modules as shown in Figure 4, i.e.,
Ranking Board (M1), Dataset Interaction (M2), and Model Interac-
tion (M3), that mitigate human-AI dual black-box issue.

M1: Model Selection. The Model Selection module provides a
ranking board for overview of the advanced ML models’ perfor-
mance on metamaterials. Users can choose the datasets, tasks, and
metrics they are interested in for visualization.

M2: Dataset Analytics. This module provides an interface for
users to interact with data level, analyzing the intrinsic data distri-
butions. Users can not only view overall dataset statistics but also
visualize and simulate the metamaterials and their corresponding
properties. This helps researchers identify the dataset they need.
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Table 3: Overall framework of the proposed evaluation toolbox. N; is the number of generated structures.

Task Perspective Metric
o Dangling Restriction (Node Level): Vpg =1 — II\\II—’E, where Np is the number of structures that contain
dangling node.
o Connectivity (Edge Level): V¢ = %—f, where N is the number of structures that are connected graph.
Ni
Ns, -3, .
Validity o Symmetry (Unit Cell Level): Vs = NLL ZkNil %, where Nj is the node number of k-th
structure, and N. Sk is the number of Symmetrical Node that is defined in Definition. 4 in k-th structure, and
Sdegree; denotes Symmetry Degree that is defined in Definition 5.
o Periodicity (Lattice Level): Vp = z—}:, where Np denotes the number of generated structures that satisfy
Definition 6.
o Coverage Recall: COVg = Nit|{1 €[L....,N:] : 3k € [1,...,NL],D(P},P) < €cov}|, where D(-)
Generation Diversit denotes structural distance. Given an error bar €.y, N test structures, and node positions P; and P;. of i-th
Y and j-th structures.
o Coverage Precision: COVp = ﬁL|{i ell,...,Nr]:3k e [1,.,.,Nt],D(P,«,P;‘C) < €cov}l-
Conditional effectiveness is the mean of all Ny, distances: NLL ZﬁVL minjey,  x Dist(y;, yi ), where Dist is
Conditional euclidean distance. The {y; fiﬁ and {y;, j}f: & are obtained by four steps.
Effectiveness Step 1: Generate Ny, lattices conditioned on N, properties {yi}lNL.
(Figure 7) Step 2: For each generated lattice, find K-nearest neighbors in test dataset by KNN algorithm.
Step 3: For each i-th generated lattice, Map K neighbors to property space, obtaining {y; x }f .
Step 4: For each i-th condition and corresponding K properties {yx }kK , compute minimum euclidean distance.
Efficienc e Mean Evaluation Time (MET): Mean generation time per sample.
Y e Mean Training Time (MTT): Mean training time per batch.
e MAE = % > 1 llyi = yilli, where y and y denote the predicted and ground truth properties.
Lyn |y .2
7 Liey yi=9ill
n ~ij=1
Accuracy ¢ NRMSE = max(y)fm;n(y)
n PR
Prediction eRI=1- %, where y denotes the mean of the observed values.
IS LM
Efficienc e Mean Evaluation Time (MET): Mean prediction time per batch.
i e Mean Training Time (MTT): Mean training time per batch.
FE Simulation | Stiffness Computation | Use high-fidelity Finite Element (FE) simulation for accurate mechanical properties calculations, incorporating
simulation and visualization of asymptotic homogenization [1, 2, 5, 48] to evaluate physics consistency.

M3: Human-AI Collaboration.

This module enables easy calls

Table 4: Data sanitization analysis.

for the proposed toolbox at the ML level. Users can specify the
ML model and the datasets they wish to use, specify samples or
conditions, and make predictions or generate results. The outcomes
are visualized and can be simulated through the interface. By visu-
alizing results and allowing parameter tweaks, the interface helps
demystify the dual black-box of Al-assisted metamaterial design.

Model Selection
Ranking Board

@

Ranking Board: Best Poisson's Ratio R*2 vs Publication Year
Other models aMacesve

2017 2018 2019 2020 2021 2022 2023 2024

Human-Al Collaboration

Dataset Analytics

Visualization / Voxel / Simulation Results Visualization

@ - |
¥ 9 ®|

Dataset Statistics Interaction Configuration

Figure 4: Overview of the visual-interactive interface.
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Dataset YVYVpr% V% Vs% Vp%
Original 15.10 62.71  90.06 99.16
Processed 24.07 100.00 9492 99.13

4 Results and Analysis

In this section, we conduct extensive experiments to evaluate the
efficacy of the proposed framework MetamatBenchat the data level,
ML level, and user level.

4.1 Data Validity Analysis

Here, we aim to show the effectiveness of the proposed unified data
sanitization, thus mitigating C1. Table 4 shows the dataset statistics
before and after our sanitization process (using MetaModulus as an
example). We applied the validity evaluation metrics regarding four
levels, i.e., dangling restrictions Vpp, connectivity Ve, symmetry
Vs and periodicity Vp as in Table 3, to both the original and the
sanitized versions of the dataset. We observe that the validation
metrics (Vpgr, Ve, and Vs) have increased after data sanitization,
and Vp value maintains more than 99%. The results demonstrate
the effectiveness of the unified sanitization process. More statistical
details of the database are provided in Appendix E.1.
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Table 5: Generation Evaluation. DR: Dangling Restriction, Conn: Connectivity, Sym: Symmetry, Peri: Periodicity, CR: Coverage
Recall, CP: Coverage Precision, MET: Mean Evaluation Time (generation time per sample), MTT: Mean Training Time.

Approach Validity T Diversity T Cond. Effectiveness | Efficiency
YVpr% V% Vs% Vp% Mean | CovR% CovP.% Mean MET (s) MTT (ms)
Molecule targeted methods.
EDM [28] N/A N/A 0.00 0.00 0.00 0.00 0.00 0.00 982.13 3.18 161.39
GeoLDM [65] N/A N/A 0.04 0.00 0.02 0.00 0.00 0.00 60.59 2.84 606.80
Crystal targeted methods.
CDVAE [62] N/A N/A  57.03 040 28.72 55.85 95.80 75.83 N/A 93.00 97.42
DiffCSP [32] N/A N/A 3446 6.50 20.48 95.80 96.65 96.23 N/A 2.97 63.79
EquiCSP [39] N/A N/A 5537 355 2946 100.00 52.35 76.18 N/A 1.90 64.57
Cond-CDVAE [43] N/A N/A 1937  2.00 10.69 68.60 80.50 74.55 0.2050 225.01 314.51
SyMat [44] N/A N/A 4110 0.00  20.55 79.34 38.90 59.12 N/A 89.49 141.20
CrystaLLM [4] 3.60 2690 76.43 9210 49.76 100.00 100.00 100.00 0.0983 2.08 14.51s
Crystal-Text-LLM [27] 23.50 68.50 89.37 96.10  69.37 100.00 100.00 100.00 0.0916 46.49 708.00

Table 6: Prediction Evaluation. MAE: Mean Absolute Error, R2: R-squared, NRMSE: Normalized Root Mean Square Error, MET:

Mean Evaluation Time, MTT: Mean Training Time.

Accuracy Efficiency (ms)

Approach Young’s Modulus Shear Modulus Poisson’s Ratio

MAE | R’7T NRMSE| | MAE | R%2 17T NRMSE | | MAE | R%2 7T NRMSE | | MET MTT
Molecule targeted methods.
SchNet [58] 0.0005704  0.2304 0.1436 0.0001343  0.01441 0.3958 0.3962 -0.1025 0.02029 3.34 12.39
Spherenet [41] 0.0004744  0.4548 0.1185 0.0001039 0.2839 0.08682 0.3561  -0.01795 0.02499 11.62 33.08
Equiformer [37] | 0.0006669  -0.3892 0.2469 0.0002226  -1.1149 0.3459 0.3673  -0.03171 0.05805 63.17 204.70
ViSNet [61] 0.0006223  0.05871 0.1506 0.06375 0.06375 0.1003 0.3699  -0.04497 0.01916 15.63 32.33
Crystal targeted methods.
CGCNN [63] 0.0006179  0.3550 0.1785 0.0001475  0.09353 0.1720 0.3922 0.04905 0.08282 10.76 48.51
ALIGNN [19] 0.0008320  -1.2955 0.1544 0.0001460 -0.01672 0.09749 0.31267 -0.13298 0.01634 990.34  44993.19
Metamaterial targeted methods.
uniTruss [69] 0.0006266  0.1812 0.1389 0.0001451  0.06374 0.09955 0.3970 -0.1016 0.02014 1.18 0.22
Mace+ve [26] 0.0003882  0.6692 0.08797 0.0001211 0.1932 0.08913 0.2881 0.1585 0.01738 27.34 304.2

4.2 Algorithms Comparison

Below, we explore how the complex ML models perform on metama-
terial applications. We employ our evaluation metrics to compare
the integrated algorithms shown in Table 2 regarding both genera-
tive and predictive tasks. We train all models on A100 GPUs follow-
ing each baseline’s original hyperparameters and training strate-
gies. We primarily use the MetaModulus dataset (16,707 samples,
split 8,000/2,000/6,707 for train/valid/test) with its three mechanical
properties (Young’s modulus, Shear modulus, Poisson’s ratio). Our
baselines target molecules, crystals, or metamaterials as shown in
Table 2. Methods that cannot handle lattices or edges are adapted
accordingly; Large Language Models (LLMs) are pre-trained on
crystals and fine-tuned on metamaterials. More implementation de-
tails are stated in Appendix D. To comprehensively evaluate these
models, we utilize the proposed evaluation toolbox in Table 3 for
evaluation. Additional details appear in the Appendix.

Benchmarking Generative Models. Table 5 compares the gen-
eration performance of generative models through the evaluation
toolbox. In general, we have the following observations: (1) Periodic-
ity constraints benefit generation: EDM and GeoLDM (top of Table 5)
are molecule-targeted methods. Hence, they do not satisfy crystal-
specific constraints (e.g., periodicity) as shown in Table 2. Table 5
suggests that they cannot generate valid and diverse structures.
Specifically, it shows up as 0 (or near 0) “validity” on metrics tied
to periodicity (V) and symmetry (Vs), and also 0 coverage (Cov. R
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and Cov. P) of test data space. By contrast, crystal-targeted methods
(e.g., CDVAE, DiffCSP, EquiCSP, etc.) that generally impose period-
icity constraints show higher symmetry and periodicity validities
(Vs and V}). We suspect that the molecular-based methods without
periodicity constraints cannot adapt to metamaterial generation. (2)
Equivariance tends to boost validity and diversity: Comparing mean
validity of equivariant architectures (EquiCSP and DIffCSP), semi-
equivariant architectures (CDVAE and Cond-CDVAE), and invari-
ant architectures (SyMat), the performance decreases accordingly
from 29.48% and 20.48% (equivariant), 10.69% and 28.72% (semi-
equivariant), to 10.64% (invariant) as per validity; and 96.23% and
76.18% (equivariant), 75.83% and 74.55% (semi-equivariant) to 0.00
(invariant) as per diversity. (3) LLM approaches excel in all metrics
without geometric constraints: CrystaLLM and Crystal-Text-LLM do
not declare explicit geometric constraints (regarding periodicity and
symmetry). However, they show superior performance on validity,
which may be because the LLMs, despite lacking explicit geometric
constraints, can learn valid periodicity and symmetry from a large
number of data (both pre-train and finetune data). In addition, their
100% coverage on the test dataset demonstrates their larger de-
sign space compared to other methods with geometric constraints.
Moreover, their low Conditional Effectiveness indicates adherence
to desired conditions during generation. (4) LLM approaches are
training inefficient. More constraints lead to longer generation time.



MetamatBench: Integrating Heterogeneous Data, Computational Tools, and Visual Interface for Metamaterial Discovery

Focusing on mean training time per batch (MTT), it can be con-
cluded that the training time of LLM-based methods is many times
longer than others. In addition, regarding the generation time per
sample (MET), methods with more geometric constraints tend to
be less generation efficient.

Benchmarking Predictive Models. ~We benchmark the predic-
tive models in Table 6, from which we can have the following ob-
servations. (1) Metamaterial oriented methods perform better: Com-
paring the three design targets, the metamaterial targeted methods
generally perform superior to the other, especially Mace+ve outper-
forms the second best 0.2144 and 0.1765 regarding R? on Young’s
modulus and Poisson’s ratio, respectively. uniTruss obtains the best
efficiency, although its accuracy is moderate. This superior perfor-
mance of metamaterial-tailored methods is reasonable since they
align well with the dataset. (2) Periodic constraints are ineffective for
accuracy: Comparing the methods with periodicity constraints (i.e.,
ViSNet, CGCNN, and ALIGNN), they do not have obvious superi-
ority to the methods without periodicity constraints (e.g., SchNet,
SphereNet, Mace+ve, and uniTruss). This observation is different
from generation task, and we suspect it is because the mechanical
properties is not related to periodicity. (3) Invariant models are effi-
cient and effective: Comparing equivariant models (i.e., Equiformer,
ViSNet, and Mace+ve) and invariant models (other models), the
invariant models demonstrate greater efficiency on both the eval-
uating and the training phase. Moreover, most invariant models
perform better than equivariant models except Mace+ve which is
specifically designed for the conducted dataset.

In summary, metamaterial-specific methods (e.g., Mace+ve) per-
form the best for mechanical property prediction, and LLM-based
method is most effective for metamaterial generation. This bench-
marking provides guidance on selecting appropriate models for
metamaterial research (addressing C2).

4.3 Case Study on Visual-Interactive Interface

Here we provide a case study on how MetamatBench enhances
metamaterial design for a specific hypothesis. By integrating the
three key modules, the system guides metamaterial researchers
from model selection through dataset analytics to predictive simu-
lation, ultimately accelerating the discovery of effective metamate-
rials. To be specific, in this case study shown in Figure 5, the goal
is to design a lattice structure for the fingertip with desired me-
chanical properties such as Young’s modulus, Shear modulus, and
Poisson’s ratio, achieving a balance between stiffness and flexibility.
The process begins with Step 0 (Hypothesis), where researchers
define the requirement for a fingertip structure that replicates a real
hand’s size and mechanics. Moving to Step 1 (Model and Data
Selection), they leverage M1 in the visual-interactive interface to
identify suitable ML models and datasets. In Step 2 (Data Ana-
lytics), the chosen datasets are analyzed to obtain insights into
structural-performance relationships, guiding the refinement of the
lattice design. Finally, Step 3 (Human-AI Collaboration) is where
M3 facilitates iterative design: researchers propose modifications
based on domain knowledge according to their analysis of Step
2, while the Al predicts the fingertip’s mechanical responses and
generate specific lattice structures, leading to rapid refinements of
both the hypothesis and the metamaterial structure. As a result,
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_Step 0: Hypothesis Step 2: Data Analytics

Step 1: Model & Data Selection
] M2[ =

V1 g

{ )
¥/ We aim to design a
lattice fingertip matching
a human hand’s size,
mechanics, and repeated
large deformations.

Select
Propose Analyze
N
I
Intervene
M 3 | Young modulus: [3.8¢-02, 3.1e-02, 3.2¢-02] A, - A,
Shear modulus: [1.5e-02, 1.2e-02, 1.5e-02] " YN ;\? N
Pe 2.1e-01, 1.5e-01, 4.2e-02, 1 T [
ovdvidareiaetoncll o EISCE N Ll Bl Y B B
Refined Hypothesis  Generation Results Prediction Refined Results

Step 3: Human-Al Collaboration

Figure 5: A case study on human-AlI collaboration for meta-
material discovery.

users found the visualizations of refined results intuitive. This loop
of expert feedback and Al-driven prediction expedites the devel-
opment of a lattice fingertip optimized for finger-like mechanical
performance.

5 Conclusion and Future Work

In this paper, we propose a multi-level system, MetamatBench,
to bridge the gap between traditional metamaterial research and
advanced ML methodologies. At the data level, our unified data
processing and representation framework addresses the inherent
data heterogeneity in metamaterial datasets. The intermediate ML
level handles model complexity by offering an extensive ML tool-
box—comprising both a model suite and a multi-perspective evalua-
tion toolkit—while the top level addresses dual black-box challenge
between human and the AI system through a visual-interactive
visual-interactive interface that reduces the opacity of human-Al
collaboration. Our experimental results demonstrate enhanced data
validity, provide an in-depth analysis of ML model performance
in metamaterial contexts, and illustrate the system’s potential to
accelerate metamaterial discoveries with a case study.

Looking forward, we propose two research directions to advance
both ML and metamaterials. Q1: Design ML models that integrate
geometric constraints unique to metamaterials. Q2: Strengthen
collaborations between metamaterial researchers and Al systems
to drive innovative breakthroughs.
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