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Abstract

Disordered materials such as glasses, unlike crystals, lack
long-range atomic order and have no periodic unit cells,
yielding a high-dimensional configuration space with widely
varying properties. The complexity not only increases com-
putational costs for atomistic simulations but also makes it
difficult for generative Al models to deliver accurate property
predictions and realistic structure generation. In this work, we
introduce GLASSVAE, a hierarchical graph variational au-
toencoder that uses graph representations to learn compact,
translation-, and permutation-invariant embeddings of atomic
configurations. The resulting structured latent space not only
enables efficient generation of novel, physically plausible
structures but also supports exploration of the glass energy
landscape. To enforce structural realism and physical fidelity,
we augment GLASSVAE with two physics-informed regu-
larizers: a radial distribution function (RDF) loss that cap-
tures characteristic short- and medium-range ordering and
an energy regression loss that reflects the broad configura-
tional energetics. Both theoretical analysis and experimental
results highlight the critical impact of these regularizers. By
encoding high-dimensional atomistic data into a compact la-
tent vector and decoding it into structures with accurate en-
ergy predictions, GLASSVAE provides a fast, physics-aware
path for modeling and designing disordered materials.

Code — https://github.com/EricCH97/GlassVAE
Datasets — https://github.com/EricCH97/GlassVAE
Extended version — https://arxiv.org/abs/2505.09977

Introduction

Atomistic simulations of disordered materials—glasses in
particular—are computationally intensive. The absence of
long-range periodicity in these systems prevents the use of
compact unit-cell descriptions, making new configurations
have to be generated from first principles.(Bamer et al. 2023;
Jung et al. 2025) While generative Al has been success-
fully applied to crystalline solids (Court et al. 2020; Li et al.
2025; Long et al. 2021; Nouira, Sokolovska, and Crivello
2019a) and molecules by using structure representations like
the Crystallographic Information File (CIF) (Flam-Shepherd
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and Aspuru-Guzik 2023; Zeni et al. 2024) and Simplified
Molecular Input Line Entry System (SMILES)(O’Boyle and
Dalke 2018; Skinnider 2024; Weininger 1988; Sun et al.
2024), yet, no equivalent representation exists for inorganic
glasses. Consequently, researchers rely on local geomet-
ric fingerprints—such as smooth overlap of atomic posi-
tions (SOAP) kernels (De et al. 2016; Lin et al. 2024;
Bartdk, Kondor, and Csdnyi 2013), or atom-centered sym-
metry functions (ACSF) (Mudassir et al. 2022) —which
capture only short-range order and omit system-level ge-
ometry and related properties. Generative models trained
solely on these local features often propose structures that
appear locally plausible yet not satisfying global property
constraints, hindering the discovery of new structures and
materials.

In addition, glasses are inherently non-equilibrium sys-
tems with complex, high-dimensional configurational en-
ergy landscapes(Debenedetti and Stillinger 2001). Explor-
ing these landscapes to identify realistic glassy structures is
computationally intensive, as such structures occupy only a
tiny subset of all possible configurations. Accurate genera-
tion of glass structures therefore requires the modeling to be
aware of their configurational energy. Traditionally, molecu-
lar dynamics (MD) simulations have been the primary tool,
where atomic interactions are explicitly simulated. By repli-
cating the melt-quench process using MD, specific regions
of the energy landscape are explored and yields structures
resembling experimentally produced glasses. However, due
to computational constraints, MD quenching rates are typ-
ically 6-9 orders of magnitude faster than the experimen-
tal rates(Binder et al. 2004). This results in structures with
lower thermodynamic stability and altered properties(Yu
et al. 2021). This timescale mismatch is also a major chal-
lenges for simulating key glass behaviors such as relaxation
and aging(Yu et al. 2015; Berthier and Reichman 2023).

To address these challenges, graph-based representations
combined with generative frameworks capable of predict-
ing configurational energy offer a promising approach for
modeling disordered systems like glasses. In these repre-
sentations, atoms are treated as nodes and interatomic dis-
tances serve as invariant edge features. Through symmet-
ric aggregation, such models inherently respect E(3) sym-
metries—translation, rotation, and permutation invariance
for bulk atomic structures constrained by periodic boundary



conditions—enabling them to encode essential physical con-
straints directly into the architecture.(Satorras, Hoogeboom,
and Welling 2022; Bao et al. 2023) This built-in invariance
allows for the compression of high-dimensional atomic con-
figurations into a compact, continuous latent space, signifi-
cantly reducing computational overhead while retaining crit-
ical structural information. An explicit latent space is par-
ticularly useful for studying glass systems. Traversing this
latent space enables the generation of new glassy structures
and systematic exploration of their thermodynamic proper-
ties.

Despite the strong predictive performance of graph neu-
ral networks (GNNs) for atomic-scale property estimation
(Li et al. 2024), embedding them within a generative model-
ing framework remains nontrivial. Hierarchical latent-space
variational autoencoders (H-VAEs) (Klushyn et al. 2019;
Vahdat and Kautz 2020; Ying et al. 2019) overcome this by
learning multiscale latent representations: high-level vari-
ables capture global composition and medium to long-range
features, while low-level variables encode local geometry.
This architecture enhances expressiveness, mitigates poste-
rior collapse, and produces physically plausible atomistic
structures.

Here, we introduce GLASSVAE, a novel hierarchical
variational autoencoder specifically designed to compress
high-dimensional atomic graphs of disordered systems
into a structured, low-dimensional latent space. GLASS-
VAE’s effectiveness stems from two key innovations:
(1) Physics-Informed Regularization: A radial-distribution-
function (RDF) loss ensures the preservation of essential
short- and medium-range structural order (Rapaport 2004;
Allen and Tildesley 2017), while an energy-regression loss
aligns the latent embeddings with thermodynamic reality.
(i1) Specialized Hierarchical Latent Structure: A graph-level
latent variable captures global characteristics such as com-
position and the overall energy landscape, while a distinct
edge-level latent variable refines local geometric details.
This strategic division of responsibilities within the hierar-
chy effectively balances global energetic considerations with
local structural fidelity, without unduly inflating the dimen-
sionality of the latent space.

In this work, we demonstrate a prototype GLASSVAE
on the CuZr metallic glass system. This system is se-
lected to illustrate both the potential and the complex-
ity of disordered alloys.(Pauly et al. 2010) These amor-
phous metals combine the high strength of crystalline met-
als with the formability of polymers. (Schroers et al. 2011)
Their non-crystalline atomic arrangement underlies excep-
tional mechanical, thermal, and corrosion-resistance prop-
erties, driving their application in diverse fields including
aerospace components, biomedical implants, and advanced
sports equipment.(Trexler and Thadhani 2010; Bansal and
Doremus 1986) Despite extensive study, the details of their
structure-property relationship are still not well understood.
(Starr et al. 2002; Cao et al. 2018) Through theoretical anal-
ysis and experiments on CuZr metallic glass, we demon-
strate that GLASSVAE accurately reproduces potential-
energy distributions, achieves low root-mean-square error
(RMSE) in reconstructing atomic positions, and, crucially,
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generates novel configurations that simultaneously adhere to
RDF profiles and energetic constraints. By effectively unify-
ing geometric and energetic priors within a single, tractable
latent space, GLASSVAE establishes the first end-to-end
generative framework specifically tailored for disordered in-
organic systems. This work opens a new avenue for Al-
guided discovery and design of complex glassy materials.

Related Work

Generative AI in Materials Science  GenAl mod-
els—including Generative Adversarial Networks (GANs)
(Nouira, Sokolovska, and Crivello 2019b; Xu and Hu 2023),
Variational Autoencoders (VAEs)(Gémez-Bombarelli et al.
2018; Luo et al. 2024), autoregressive models like Trans-
formers (Wang et al. 2021), and diffusion models (Satorras,
Hoogeboom, and Welling 2022; Bao et al. 2023)—have be-
come powerful tools in materials design. These approaches
are increasingly applied to sample novel compositions, pre-
dict structures, and estimate properties, often within a uni-
fied computational framework (Schleder et al. 2019). Sig-
nificant breakthroughs have been demonstrated, particularly
for crystalline materials, (Xie et al. 2019; Zeni et al. 2024;
Ren et al. 2022) and for organic molecules, enabling de novo
drug design and property optimization(Gémez-Bombarelli
et al. 2018; Hoogeboom et al. 2022). Despite these suc-
cesses, most generative efforts remain confined to sys-
tems exhibiting well-defined order, such as the periodic ar-
rangements in crystals or the discrete bonding patterns in
molecules. While generative techniques have been applied
to glasses, (Li, Li, and Wang 2024; Cassar, Santos, and
Zanotto 2021)these studies have largely focused on pre-
dicting macroscopic properties, generating microstructure
morphologies, rather than atomic-level configurations (Jung
et al. 2025).

Graph Neural Networks Graph neural networks
(GNNs) have become indispensable tools in molecular and
materials simulation, enabling accurate prediction of ener-
gies, forces, and other properties (Gilmer et al. 2017; Sator-
ras, Hoogeboom, and Welling 2022; Sanchez-Gonzalez et al.
2020). Among all, Wang et al., combined GNNs with swap
Monte Carlo to inversely design Cu—Zr metallic glasses with
enhanced plastic resistance (Wang and Zhang 2021), and
Li et al., applied GNNs to predict energy barriers and in-
terpret the behavior of metallic glasses (Li et al. 2024).
Yoshikawa et al., integrated self-attention into a GNN for
structural classification of glass-forming liquids (Yoshikawa
et al. 2025), while Bapst et al., trained a GNN solely on
initial particle positions to predict long-time glass dynam-
ics (Bapst et al. 2020). Although these studies demonstrate
the power of GNNs for property prediction and classifica-
tion in glassy systems, none simultaneously address struc-
tural generation. Our approach fills this gap by learning an
internal generative mechanism that bridges state-of-the-art
molecular-graph generative models with physically consis-
tent atomic reconstructions.

Physical-informed Descriptors Global,
physics-informed descriptors—such as Crystallographic
Information Files (CIFs) for crystals (Flam-Shepherd and
Aspuru-Guzik 2023; Zeni et al. 2024) and SMILES for



organic molecules (Weininger 1988; O’Boyle and Dalke
2018; Skinnider 2024)—require long-range order and thus
fail for glasses. Instead, local geometric fingerprints like
smooth overlap of atomic positions (SOAP) kernels (Bartdk,
Kondor, and Csanyi 2013; De et al. 2016; Lin et al. 2024)
or atom-centered symmetry functions (ACSF) (Mudassir
et al. 2022) capture only short-range structure and omit
system-level properties such as total potential energy.
The radial distribution function (RDF) encodes short- and
medium-range order in disordered materials. For example,
Krykunov et.al., introduced atomic property—weighted
RDFs with analytic Gaussian kernels that both outperform
and accelerate Bag-of-Bonds for atomization energy pre-
diction (Krykunov and Woo 2018), and Watanabe et.al.,
developed an on-the-fly RDF-based sampling method
to flag anomalous configurations and build robust water
potentials (Watanabe et al. 2024). To our knowledge, we
are among the first to integrate an RDF-based loss into a
variational graph model for glasses, combining RDF-driven
regularization with graph representations to capture both
local geometry and global energetics.

Physical-regularized Hierarchical Graph
Variational Autoencoder

In this work, we introduce GLASSVAE, a generative
framework for disordered metallic—glass configurations that
jointly captures local atomic geometry and global ener-
getics. Our approach addresses three core tasks: (i) Re-
construction: Recover atom types, interatomic displace-
ments and distances, and absolute positions; (ii) En-
ergy prediction: Estimate the total potential energy of
each configuration; (iii) Generation: Sample new, phys-
ically realistic atomic structures from the learned la-
tent distribution. Formally, each molecular-dynamics snap-
shot is represented by (R,t,E), where R = {r; €
R3}N | (positions in a periodic box L = [Ly, Ly, L.]), t
is the one-hot encoding of atom types, and E is the total po-
tential energy. We learn € : (R, t,F) — 2z, D:z —
(R,t), and P :z +— E so that the latent variable z
retains all essential physical information for faithful recon-
struction, accurate energy estimation, and the generation of
novel, physically plausible structures.

Graph Representation and Invariance

Physical interactions in materials depend only on atomic
species and their relative arrangements, not on ordering, ab-
solute position, or orientation. Therefore, atomistic repre-
sentations and predictions must be invariant under permu-
tation, translation, and rotation—swapping identical atoms,
shifting all positions by At, or applying any orthogonal ro-
tation R leaves interatomic distances (and thus all physical
properties) unchanged. To enforce these invariance, we con-
vert each point cloud into an attributed graph G = (V, E),
where Nodes ¢ € V carry one-hot features ¢; encoding
atomic species i.e., x; € {0,1}; and Edges (i,j) € E con-
nect atoms within a cutoff distance (under periodic bound-
aries) and carry attributes

a;; = (Aryj, dyj),

where AI‘U =Tr;,—rj, dij = ||AI'LJ||2
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A graph neural network with symmetric (e.g., mean)
message-passing layers aggregates these features, guaran-
teeing invariance to node ordering and rigid-body transfor-
mations. We further support these invariance claims with a
formal theorem.

Theorem 1 (Invariance of the Graph Representation)

Let an atomic configuration be given by positions
R = {r;}}¥, C R® and one-hot node features {t;}.
Construct a graph G = (V, E) by connecting all pairs with
|r; —r;|l2 < CUTOFF, and assign each edge the attribute

a;; = (Anj, ||lr; — erg), where Ar;; =r; — ;.

Suppose the graph neural network updates and pools fea-
tures using a symmetric (permutation-invariant) aggrega-
tion function S (e.g. mean or sum). Then the resulting repre-
sentation is invariant to
Permutation of nodes: Since S does not depend on the or-
dering of its inputs, any re-indexing of the atoms leaves the
pooled feature unchanged.
Translation of the entire structure: If r; = r; + t for all i,
then

Ar}, =

ij=(ri+t)—(r;+t)=r; —r; = Ary,
so all edge-wise inputs to the network are identical.
Rotation of the entire structure: If v, = Rr; for some or-

thogonal R € R3*3, then
Arj; = R(ri—r;), ||Arjll2 = [|R(ri—r))|l2 = [[Arijl2,
so all distance-based edge features are preserved.

Theorem 1 thus demonstrates that our graph construction
method and the use of symmetric aggregation functions
yield a representation of 3D atomic configurations that is
inherently invariant to permutations, translations, and rota-
tions—properties that are essential for reliable modeling of
physical systems.

Model Architecture

To jointly capture the intricate local geometry and global
properties (e.g., energies) of disordered metallic glass con-
figurations, we propose a hierarchical graph variational au-
toencoder (GLASSVAE). Figure 1 sketches its architecture.
Sec. states how we build a graph starting from an atomic
configuration. From graph representations, we have

Dual-path Encoder The dual-path encoder that distills
two complementary summaries. The graph-level encoding
applies L layers of message passing to embed local neigh-
bourhoods yielding a graph vector that two linear heads con-
vert into the variational parameters  and log 0. We could
then reparameterize them into a decoder head z ~ 4+ 0. In
parallel, the edge path feeds all a;; through a residual stack
of L. blocks and averages the refined edge features into an
edge descriptor s.

Decoder The decoder maps z back to atomic species,i.e.,
2 = D1 (%) and edge attributions, i.e, a;; = D(z) thereby
reconstructing the full configuration.

Property Predictor A separate fusion head consumes
the concatenated vector ®(z || s) to predict the total
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Figure 1: Schematic of Hierarchical Variational Autoencoder

energy E, allowing the model to learn structure—property
relationships directly from the latent space.

Loss Function The overall training objective is a
weighted sum of several loss components:

L= Olnode Enode + Oledge Eedge + Olenergy (1)
Lenergy + Bxr. Dxr + arpr LRrDE-

where each term enforces a different aspect of structural
fidelity:

Liode 1S cross-entropy between ground-truth one-hot
atom types and predicted class probabilities; Legge is MSE
on predicted distances plus a cosine-similarity penalty to
preserve directional consistency of edge features; Lenergy iS
MSE between predicted and true potential energies; Dk,
is Kullback-Leibler (KL) divergence; Lrpr is ¢ distance
between soft histograms of predicted and true pairwise dis-
tance distributions.

Generation

Generation is one of the key features of GLASSVAE: its
structured latent space enables both random and energy-
conditioned synthesis of new, physically realistic configu-
rations through the decoder. Here, we outline the two modes
of operation. We also list the results of generation in Sec. .

Random generation. To produce novel structures, we
draw

€ ~N(0,I),and set z = p(z) + o(z) © e,
where “®” denotes element-wise multiplication. This turns
sampling into a differentiable operation with respect to p

and o. here € is a small perturbation. Then the sampled new
structures could be decoded through & = D;(z) and a =

DQ(Z)

Conditional generation. To constrain the generated en-
ergy to [Emin, Emax), we could use conditional genera-
tion. Formally, we assume a standard normal prior p(z) ~

N (0, I). To enforce E(z) € [Emin, Prmax|, we initialize z at
the encoder’s posterior mean and minimize

L(2) =[max(Emin — E(z), 0)]2+
[max(E(2) ~ Emax,0)]” + All2]3
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for T steps. Decoding the optimized code z* yields a
structure whose energy lies within the target range.

Theoretical Contribution of Physics-Informed
Regularizer

Physics-informed loss terms (i.e. energy and RDF in our
case) do more than improve reconstruction accuracy—they
can associate the latent variables to physically admissible
manifolds. Below we formalize a theoretical explanation:
imposing an operator-based regularizer || Au—v|| 2 induces
a bound on the latent test error that decays with the train-
ing error and the quadrature resolution. In other words, ev-
ery unit of training progress achieved by a physics-informed
term translates directly into a proportionate tightening of the
latent-space generalization gap.

Functional setting. Let / = W*9(R?) and V = LP(R3)
with 1 <p, ¢ < oo and s > 0. Given a neural approximation
u(-;0) € U, the operator A : U — V extracts a physical
observable (e.g. predicted RDF, energy density), while v €V
encodes the target dictated by first-principles or simulation
data.
Assumption 1 - Operator stability

There exists C; > 0 such that ||u — v/|jyy < C1|Au —
Av'||y for all u, v’ € U.
Assumption 2 - Quadrature accuracy

A numerical quadrature with nodes {x;,w;}¥ ; satisfies
| [g—>, wig(x;)] < CoN~*forall g €V, some Cy > 0
and a > 0.
Train-test decomposition. Define the physics-informed
training error

N
Eurain(0) = > w;(Au(x;0) — v(x;)),
i=1

and let 0* be a minimizer. The latent test error is Eiest :=
(-5 60) — w(56)le
Theorem 2 (Generalization bound) Under Assumptions
—, we have

Erest < CLEL2

train

+C, CYEN2,

Because both our energy- and RDF-based penalties sat-
isfy the Lipschitz-stability condition (Assumption 1) and are



Method Energy (eV/atom) Paired Distances(z&) Node
RMSE R? RMSE R? BCE
Distance VAE (distance matrix as input) 11.85 0.89 0.24 0.77 —
GNN + MLP (no generation) 2.15 0.98 — — —
Single Graph-VAE (single latent space) 29.32 <0 0.18 0.93 < 0.1
GraphVAE (no RDF) 0.37 > 0.99 0.14 0.94 < 0.1
GlassVAE (best, + RDF) 0.32 > 0.99 0.025 > 0.99 0.091

Table 1: Performance on the test set. We report RMSE (lower is better), R? (higher is better), and Binary Cross Entropy (BCE)

(lower the better).

evaluated in low-dimensional space (D = 3), each physics-
informed term directly drives down &yajn. By minimizing
these terms we therefore provably tighten the upper bound
on Eiest, improving generalization to unseen configurations.
In this way, our physical regularizer are more than heuris-
tics—they provide a principled mechanism for guarantee-
ing better predictive performance. This theoretical picture
also has evidence from our experiments. Figure 2(c) visual-
izes the latent space of the full GLASSVAE, whereas Fig.S2
shows the same model without energy and RDF regularizes.
The baseline VAE collapses into a tight cluster that fails to
separate high- and low-energy structures. By contrast, the
physics-aware GLASSVAE learns a more expressive, well-
spread latent landscape that clearly distinguishes configu-
rations by energy—exactly the discriminative structure pre-
dicted by the theorem.

Experiments and Results

To evaluate the performance of GLASSVAE, we trained
the model on molecular-dynamics (MD) trajectories of a
Cus0Zrso metallic glass and then assessed it on an unseen
test set. The system comprised 108 atoms with a glass-
transition temperature T, = 700 K, with atomic interactions
described using the embedded atom method (EAM) poten-
tial. The system was first equilibrated in the liquid state at
2000 K for 2 ns, then quenched to 1000 K in 50 K intervals
at a cooling rate of 100 K per 6 ns and further cooled down
in 20 K intervals at the rate of 100 K per 60 ns, all using the
NPT ensemble. The simulations consisted of 108 atoms, and
an MD time step of 1 fs is used. Periodic boundary condi-
tions are employed in all three directions. We employed tra-
jectories under 700 K, 760 K, 840 K, 920 K, 1000 K, with
a total samples number of 50,000. In order to show the scal-
ability of performance of GLASSVAE, we also evaluated
GLASSVAE on two independent CusgZrsy metallic-glass
trajectories at 720K and 960K, both initiated from distinct
starting configurations.

In summary, GLASSVAE’s hierarchical latent space com-
bined with physics-informed regularization provides the
flexibility needed for complex glassy systems and outper-
forms standard VAE variants (see Table.1), achieving supe-
rior accuracy in both property prediction and graph recon-
struction. We show the detailed experimental results below
and discuss them in more detail in the next section.
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Energy Prediction and Latent Space Exploration

Another core aim of GLASSVAE is accurate potential-
energy prediction. On the test set (Figs. 2a—b), our model
achieves an R? > 0.99, producing energy estimates whose
overall distribution is virtually indistinguishable from the
ground truth; even within defined subgroups (Fig.S1), it
maintains R? =~ 0.85. Overall, we achieved a RMSE =
0.32 among test dataset, which means on average a ~ 0.025
eV reconstruction error on average. A UMAP projection
of the latent codes (Fig. 2c), colored by true energy, re-
veals two well-separated clusters corresponding to config-
urations below and above the glass-transition temperature
(Mclnnes, Healy, and Melville 2020). In contrast, the VAE
without physics-informed regularization (Fig.S2) collapses
into a single undifferentiated cluster. These results demon-
strate that jointly training on energy not only delivers state-
of-the-art accuracy but also embeds meaningful energetic
structure into the latent space, enabling clear separation of
physical regimes in accordance with our theoretical findings
(Sec.).

Graph Reconstruction

In order to explore the reconstruction accuracy from
GLASSVAE, we primarily looked into the correct identifica-
tion of atomic species and the accurate recovery of their pair-
wise Lo distances. Accordingly, we evaluate whether our
model can faithfully reconstruct both node features (atomic
types) and edge attributes (interatomic distances). Overall,
we achieved a RMSE = 0.025 among test dataset, which
means on average a ~ 0.025 A reconstruction error on aver-
age. Fig. 3 shows an example structure in the testing dataset.
The model achieves excellent fidelity: it recovers atomic
species with over 95 % accuracy, it does a good job in pre-
dicting the distances with a over 0.99 R? and a rather small
RMSE. Fig. 3 (b) also exhibits the reconstructed distances
follows a close similar distributions as original input. These
findings confirm that GLASSVAE preserves both the struc-
tural and physical information of the original graph through-
out the decoding process.

Sampling from the Latent Space

A key advantage of VAEs is their ability to generate novel
samples. Here, we demonstrate these generative capability
via both conditional and random sampling: Random Sam-
pling Random generation involves sampling from a sim-
ple standard normal distribution and then transforming this
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sample using learned mean and variance parameters, effec-
tively drawing from the complex distribution learned by the
model. Specifically, we sample directly from the standard
normal distribution (the prior). We can also introduce con-
trolled variations by adding a small amount of scaled noise
to this initial sample before decoding. This perturbed sam-
ple is then passed through the decoder network to produce
a final structure that represents a smooth deviation from the
unperturbed version. Fig. 4 (a - b) show the results of 100
randomly generated samples and their calculated potential
energy distributions. Fig. 4 (a) visualizes the new structures
in latent space (cluster near known trajectories), indicating
the generation of similar but novel structures. Moreover, the
calculated potential energies of these generated structures
(Fig. 4 (b)) align well with the energy distribution of the
training data, suggesting they are physically meaningful.

Conditional Generation Instead, we could also generate
atomic configurations whose potential energies lie within a
specified interval by performing gradient-based refinement
directly in the GLASSVAE latent space. Figure 4 (c) illus-
trates this process for a target energy of £ = —4.87 £
0.01 eV /atom. The five generated structures are marked in
latent space as red ' x’ symbols.
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Both conditional generation and latent space optimiza-
tion leverage the co-training of the energy prediction head to
structure the latent space. By enforcing an energy constraint,
as we discussed earlier in Sec. , the generated configurations
are more likely to be physically realistic and adhere to the
desired potential energy characteristics. This approach pro-
vides flexibility in generation—either directly conditioning
on a target energy or refining latent samples post hoc via
gradient-based optimization.

Dimension Choice and Scalability Discussion

The choice of latent dimension is critical (Fig. S4): energy-
prediction and edge-reconstruction errors decrease sharply
as the latent dimension increases after dim = 10, before
plateauing in the 16-32 range. A latent code in this latter
range effectively captures most structural variability with-
out superfluous model capacity. Furthermore, co-training the
decoder with a differentiable energy head invests the la-
tent manifold with thermodynamic significance. By using
gradient-steering to guide latent codes into specific energy
windows, GLASSVAE can synthesize configurations of pre-
determined stability. This allows for the rapid exploration of
low-energy basins, offering an alternative to computation-
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ally intensive molecular dynamics sampling.

Although randomly picked snapshots from a single trajec-
tory are structural different, testing on held-out data alone
may not fully demonstrate GLASSVAE’s scalability. To ad-
dress this, we evaluated GLASSVAE on two independent
CusoZrso metallic-glass trajectories at 720K and 960K, both
initiated from distinct starting configurations. As shown in
Fig.S3, the model’s energy predictions for these external
trajectories still show accurate prediction patterns as origi-
nal test set, confirming GLASSVAE’s ability to generalize
to simulations with markedly different structural evolution.
We observe a modest accuracy drop on the new testing tra-
jectories, which likely reflects the limited structural diversity
of our training set—only five trajectories at distinct temper-
atures. Due to computational constraints, we restricted our
experiments to these five temperature trajectories to demon-
strate crystals or SMILES for molecules. To bridge this gap,
we introduce GLASSVAE’s capabilities. Incorporating addi-
tional trajectories and a wider range of conditions in future
work should further enhance the model’s robustness.

Conclusion and Discussion

Generative modeling of glassy materials has long been hin-
dered by their disordered nature ant the lack of long-range
periodicity, which precludes compact encodings such as CIF
for crystals or SMILES for molecules. To bridge this gap,
we introduce GLASSVAE: a permutation-, translation-, and
rotation-invariant graph variational autoencoder with hierar-
chical latent spaces. The multi-level embedding employed
in this model is essential because a single latent space
rarely offers sufficient flexibility to capture both the geo-
metric complexity and property variability of glassy sys-
tems, making it challenging to achieve high-fidelity struc-
ture reconstruction and accurate energy prediction simul-
taneously (Table 1). We further bolster GLASSVAE with
physics-informed losses—energy regression, radial distri-
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bution function matching, and positional consistency—to
ground its generative capabilities in physical reality.

Evaluated on a 108-atom CuggZrso dataset, GLASSVAE
demonstrates high fidelity, reconstructing atomic identities
and pairwise distances with an R?> ~ 0.99. It also pre-
dicts potential energy with a Root Mean Square Error
(RMSE) of 0.32 eV/atom for glass configurations over a
wide thermodynamic stability. Beyond precise reconstruc-
tions, GLASSVAE facilitates both unconditional sampling
and energy-conditioned refinement. This capability pro-
duces new atomic configurations whose energies and radial-
distribution functions are consistent with simulation data,
underscoring how physics-based regularizers significantly
enrich and physically ground the latent space.

To our knowledge, GLASSVAE is the first architecture
for inorganic glasses to unify structure generation and prop-
erty prediction within a single, thermodynamically mean-
ingful latent space. In addition, we also demonstrate GLASS-
VAE’s scalability to new CusZrsg trajectories initialized
from different configurations. While current benchmarks use
limited data from a 108-atom system to showcase the ini-
tial promise, future work can extend to larger, more com-
plex glasses, disentangle latent factors (e.g., composition,
local strain), incorporate additional thermodynamic observ-
ables (free-energy proxies, elastic constants), and integrate
active-learning loops with simulations to further enhance fi-
delity and guide sampling in high-dimensional configuration
space. Overall, we believe our approach paves the way for
accelerated discovery of disordered materials by enabling
the simultaneous mapping of energy landscapes and the pro-
posal of candidate structures for further computational or ex-
perimental investigations.
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