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ABSTRACT

Theoretical predictions of novel materials rely on a variety of techniques, from
data-mining-based ion substitution methods to fully de novo generative models.
Each approach imposes specific constraints and encounters unique challenges
when extrapolating beyond the distribution of known materials to discover new
ones. The foremost goal of materials generation is to produce stable, unique, and
novel (SUN) structures. Predicted structures that meet these criteria, however,
typically result from novel chemical compositions mapped onto known structural
prototypes or frameworks. We leverage this heuristic insight to present a new
generative approach for the de novo prediction of inorganic crystalline materials
constrained by their structural framework—i.e., the unit cell shapes and respective
particle positions. Our method, termed OMatG-FC (Open Materials Framework-
Constrained Generation), learns via a combination of discrete flow matching on the
atomic species and stochastic interpolants for the volume scaling of the unit cell
lattice, while fixing in-place the fractional coordinates and the unit-volume lattice
vectors, dramatically reducing the dimensionality of the problem compared to un-
constrained (framework-free) generation. Our method is more flexible than existing
structure-constrained methods, as it allows for symmetry-breaking or chemical
disorder on sites of equivalent crystalline symmetry. We also investigate the num-
ber of unique frameworks in the M/ P-20 dataset, demonstrating the propensity of
duplicate frameworks within the dataset. We benchmark the performance of our
model using the LeMat-GenBench suite using three ML interatomic potentials and
achieve state-of-the-art SUN rate, eschewing the need to learn atomic packings for
materials discovery.

1 INTRODUCTION

A foundational goal of materials science is the design and discovery of novel materials with desired
function. The advent of battery materials [Kamaya et al.| (2011); Jang et al.|(2024)), semiconductors
Nomura et al.| (2004), and alloys |Gludovatz et al.[|(2016)) have historically shaped the fabric of our
society, with further technological leaps promised by “holy-grail” materials such as room-temperature
superconductors |Boeri et al.| (2022); |Prakash et al.| (2025).

Theoretical predictions of novel materials can support the discovery process: Traditional approaches
include high-throughput|Jain et al.|(2011); |Curtarolo et al.|(2013) or ab-initio random structure search
Pickard & Needs| (201 1)), which are based on first-principles methods like density functional theory
(DFT), but suffer from poor sampling and high computational cost. Given the vast search space
of candidate materials, machine-learning (ML) methods offer a promising avenue for dramatically
accelerating materials discovery. Among these, generative models De Breuck et al.|(2025); Metni
et al.[(2025)); Bone et al.[(2025)) stand out for their ability to propose novel materials by learning from
experimentally or computationally derived crystal structures represented as unit cells.

*These authors contributed equally.
TCorresponding author: sm7683 @nyu.edu.
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Figure 1: Two crystal structures—a BCC-type crystal (left) and a CsCl prototype (right)—with the
same structural framework but different structural prototypes, labeled by their space groups and
corresponding Wyckoff positions.

Structure is of chief importance for material properties, especially for inorganic crystals, whose
behavior depends sensitively on atomic-level periodicity [Vu et al| (2023). This has motivated
extensive work on crystal structure prediction (CSP) from chemical composition, as well as de novo
generation (DNG) of novel compositions and their structural packings. The primary challenge for
such methods is learning to represent and sample the space of stable crystalline materials—spanning
all possible structural packings and chemical species—in order to discover viable candidate materials
that can be synthesized |(Cheetham & Seshadri|(2024).

1.1 RELATED WORKS

Significant prior work in materials prediction leverage knowledge of existing materials combined
with heuristic constraints. Such methods predate ML techniques: For example, the empirical
Hume-Rothery rules [Hume-Rothery| (1939) identify plausible solid solutions via substitutions of
chemical species within an existing crystal structure template. Modern probabilistic models have
also been applied to predict new compounds from structural templates via ionic substitutions [Hautier
et al.|(2011): A key feature of this method is the constraint for candidate structures to remain within
their structural prototype (see Sec.[2.I). In contrast, machine-learned CSP models predict stable
atomic packings given a fixed chemical composition. Several such CSP methods have been proposed
with the goal of improving on ab initio random structure search [Pickard| (2016), such as CDVAE
Xie et al. (2022), DiffCSP Jiao et al. (2023), FlowMM Miller et al.[(2024), and OMatG Hollmer et al.
(2025). These methods span architectures from variational autoencoders to stochastic interpolants
Albergo et al.|(2023)) (encompassing diffusion models Song et al.|(2021) and flow-matching |Albergo
& Vanden-Eijnden| (2023); |Lipman et al.[(2023))). A separate line of work addresses unconstrained de
novo generation, predicting both composition and structure jointly; this includes GNoME |[Merchant
et al.| (2023)) and MatterGen [Zeni et al.| (2023)), as well as variants of several methods mentioned
above Hollmer et al.|(2025); Miller et al.| (2024]).

A newer class of ML methods imposes physically-motivated inductive biases by exploiting the
redundancy inherent in crystalline symmetries. Crystals possess translational and point-group
symmetries that together describe a space group, which generates sets of symmetry-equivalent
positions within the unit cell. When occupied by atoms, these positions are known as Wyckoff
positions. Each Wyckoff position specifies both the multiplicity (how many symmetry-equivalent
atoms it generates) and the degrees of freedom for atomic coordinates. For a given space group,
operating directly on Wyckoff positions rather than on all atomic coordinates simplifies the learning
objective by removing redundant degrees of freedom.

DiffCSP++ Jiao et al.| (2024)) takes this approach, requiring Wyckoff templates as input and learning
only the continuous coordinates within those sites. Since ground-truth symmetry is unavailable,
templates must be retrieved from the training set based on compositional similarity, restricting
generation to known structural prototypes. SymmCD [Levy et al.|(2024), CrystalFormer Cao et al.
(2025), and SGEquiDiff |Chang et al.|(2025) instead incorporate Wyckoff site selection as a discrete
generative step, enabling the discovery of structural prototypes beyond those seen during training.
Broadly, such symmetry-constrained models typically show improved space group distributions of
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Figure 2: Illustration of the generation process with different types of generative models for the
same test structure: (a) crystal structure prediction (CSP) samples the species at time ¢ = 0 from the
structure at time ¢t = 1; (b) de novo generation (DNG) evolves the lattice, species, and fractional

coordinates jointly; (c¢) framework-constrained prediction (FCP) evolves the lattice volume scaling
and atomic species only.

Generation

predicted structures—towards more symmetric crystal structures—which in turn improves stable,
unique, and novel (SUN) rates.

Finally, SCIGEN [Okabe et al| (2025) takes a complementary approach, steering diffusion-based
generation toward desired lattice motifs (such as kagome or honeycomb) by constraining the
denoising process, and has led to the successful synthesis of two predicted materials.

1.2 OUR CONTRIBUTION

It is well-understood in materials science that two crystal structures sharing the same structural
Jframework can exhibit different space group symmetries. A structural framework specifies the unit
cell shape and the fractional coordinates of atomic sites, but not the chemical species occupying
each site (see Sec.[2.1)and Fig. [T). In fact, partitioning sites among distinct species can reduce the
symmetry to a subgroup of the framework’s full geometric symmetry.

It is unknown whether symmetry-constrained generative models might benefit from operating at
the structural framework level. Current models produce few novel structural prototypes
(2025)), and it remains unclear whether this limited novelty reflects shortcomings of the models
or instead the fact that nature has already explored most viable frameworks. Indeed, the relatively
small number of known structural prototypes—2050 entries in the AFLOW database
(2024); Hicks et al.| (2021) at the time of writing—suggests that the space of geometrically stable
arrangements is highly constrained. This motivates an alternative approach: rather than learning
to generate novel atomic coordinates, one can leverage known frameworks and focus on predicting
which species assignments yield stable materials.

We introduce OMatG-FC, the first ‘framework-constrained’ generative model, which conditions
generation on structural frameworks drawn from known crystalline materials. Unlike symmetry-
constrained methods, OMatG-FC fixes only the framework geometry; any additional realized
symmetry-breaking emerges from species assignment rather than being imposed. This places our ap-
proach between symmetry-based methods, which allow geometric variation within space groups, and
substitution-based methods, which start from a known compound and constrain candidate species by
chemical similarity within the structural prototype. We demonstrate in Figure2Jhow our model, which
performs framework-constrained prediction (FCP), differs from standard CSP and DNG methods.



Published as a workshop paper at Al4Mat-ICLR 2026

We show that our model learns the symmetries common in the dataset from species-to-site assignment
by good performance across distributional benchmarks and SUN metrics. Moreover, our model
demonstrates superior ability to predict stable, novel, and unique (SUN) structures. While not
the focus of this paper, our approach is well-suited for the prediction of chemical disorder on
crystallographic sites, an active area of research particularly for materials such as multi-component
alloys Jakob et al.| (2026)); /Antypov et al.| (2025)).

2 BACKGROUND

2.1 CRYSTAL STRUCTURE DEFINITIONS

A crystal structure is defined by its translational symmetry, meaning it can be represented compactly
by a periodic repeating subunit—termed a unit cell. Because of the constraint of translational
symmetry combined with point-group symmetry, crystals in three dimensions must obey the
symmetries belonging to one of 230 space groups. An infinite number of crystal structures can exist
within each space group, which defines the possible symmetry-inequivalent sites, known as Wyckoff
positions, that can be occupied. To specify a particular crystalline material, one needs to define
its unit cell: the particle positions, the chemical species occupying each position, and the lattice
parameters. Defining all particle positions, however, is equivalent to defining the space group and
all occupied Wyckoff positions, along with the choices of the free parameters (if extant) within them.

We define some terms that will be used throughout this manuscriptm The structural prototype is
the discrete classification of a crystal structure by its space group, occupied Wyckoff positions, and
stoichiometry. A prototype is a structural class: many materials with different chemical species
and lattice parameters can belong to the same prototype. The AFLOW Prototype Encyclopedia
Eckert et al.| (2024); Hicks et al.| (2021) follows this convention, encoding prototypes with labels
such as AB4C3_0I132_46_b_2bc_bc, which specify the stoichiometry, Pearson symbol (combining
the Bravais lattice and the number of atoms per conventional unit cell), space group number, and
Wyckoff positions, respectively. AFLOW further indexes representative materials within each
prototype using numerical suffixes (-001, —002), with each entry specifying the lattice parameters
and Wyckoff coordinates for that material. A crystalline material is thus a specific instantiation of
a prototype: it specifies which chemical species occupy each stoichiometric site (e.g., A =Ca, B =Ti,
X = O for the AB X3 perovskite CaTiO3) along with the lattice parameters and atomic coordinates.

We define a structural framework as the geometric specification of a crystal independent of chemical
identity: the unit cell shape (lattice parameters up to uniform scaling) together with the fractional
coordinates of all atomic sites. A framework does not encode which species occupy these sites. There-
fore, the same framework can correspond to multiple prototypes depending on species assignment.
For example, BCC elemental metals (space group I'm3m, WyckofT site 2a, stoichiometry A) and
CsCl (space group Pm3m, Wyckoff sites 1a + 1b, stoichiometry AB) share identical frameworks but
constitute different prototypes, because the body-centered translation is a valid symmetry only when
both sites are chemically equivalent (see Fig.[I).

2.2 STOCHASTIC INTERPOLANTS

Stochastic interpolants |Albergo & Vanden-Eijnden| (2023)); |Albergo et al.| (2023)) unify diffusion
models|Song et al.|(2021) and conditional flow-matching |Albergo & Vanden-Eijnden|(2023)); [Lipman
et al.|(2023) under a single framework, bridging a base probability distribution pg with the true data
distribution p; through samples (zg ~ pg,x1 ~ p1). We consider interpolants of the form

x(t, 2o, 21, 2) = a(t)ro + B(t)r1 +(t)z, (D

where ¢ € [0, 1] represents time such that (¢t = 0) = zp and z(t = 1) = z;. A learned time-
dependent drift b7 (x, t) and, optionally, a learned denoiser 2% (, t) give access to trajectories from
the time-dependent density p; through ODE-based or SDE-based sampling starting from xg ~ pg.
For training SDE-based sampling schemes, () # 0 for ¢t € (0, 1) is required, while it is optional for
ODE-based sampling.

'The language we define may not be universal.
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For both ODE- and SDE-based sampling, the required velocity term b° (¢, x) is learned by minimizing
the loss function

‘Cb(e) = E¢ 200,21 [|b0(t,xt)|2

2
,Qatx(t,l‘g,fﬂl,z) -be(t,l't)], ( )

with the expectation taken independently over ¢ ~ Uniform [0,1], z ~ N(0,1I), zg ~ po, and
x1 ~ py. For SDE-based sampling, an additional denoiser 2/ (¢, z) must be learned by minimizing
the additional loss

L:(0) = Bipzmo i, [|2°(820)]? =227 (8, 20) - 2] - 3)
We note that minimizing with respect to these loss functions is equivalent to minimizing a
mean-squared error loss.

Prior work has explored stochastic interpolants in the context of crystal structure prediction and de
novo materials generation in the OMatG model Hollmer et al. (2025)). Following this and related work
Miller et al.|(2024); Bose et al.| (2024), we apply inference-time velocity annealing which rescales the
learned velocity field as b (¢, z) — (1 + st) b%(¢, ), where s is as an hyperparameter that increases
the magnitude of the velocity with time.

2.3 DISCRETE FLOW MATCHING

Discrete Flow Matching (DFM) (Campbell et al.| (2024)); Gat et al.| (2024) is a generative modeling
framework for categorical variables which extends flow matching to discrete state spaces. Similarly
to stochastic interpolants, DFM relies on connecting samples dy from the (discrete) base distribution
to data samples d; from the data distribution with a conditional flow. Types of base distributions
for sampling d include uniform and completely masked. For the uniform conditional flow, the
probability for the discrete variable d; at time ¢ given the target sample d; is given by pg‘nlif(dt |d1) =
Cat(t0{dy,d:}+(1—1t)/S), where S is the number of possible states. This uniform conditional flow
converges to d; att = 1 and is uniformly distributed over all possible states at ¢ = 0. Alternatively,
the masked conditional flow is given by pﬁ‘fk(dﬂdl) = Cat(t6{dy,d:} + (1 — t) 6{M,d;}), which
converges to an additional masking token M at¢ = 0.

The conditional flows can be used to train a neural network to predict the denoising probability
pf‘ ;(d1]dy) of the final state d; given the current state d; by minimizing a cross-entropy loss:

Lorm(0) = B4, 4, [— 10gpf\t(d1|dt)] : 4)

Once the denoising probability pf‘ ,(d1]dy) is learned, one can construct the rate matrix R, that
determines the rate with which state d; jumps to another state at time ¢ during generation Campbell
et al.| (2024); Hollmer et al.|(2025). In addition, it is possible to add stochasticity in the shape of
a second rate matrix satisfying detailed balance, RtD B with a tunable noise parameter 1 such that
R} = Ry + nRPB.

3 CRYSTAL REPRESENTATION AND GENERATION

A crystalline unit cell defines a distinct choice of periodic repeating unit which can be tiled to generate
the infinite crystal structure. Generative models typically represent a unit cell with [V atoms using
three components: chemical species A € ZQ’O, lattice vectors L € R3*3, and fractional coordinates
F € ]0,1)>*" . In this work, we further decompose the lattice vectors into unit-volume lattice vectors
L € R¥3 where det(L) = 1 and a log-volume scale factor V' = log | det (L)|.

Our generative modeling framework seeks to generate samples from the joint conditional distribution
P1 (A, V|IL,F ) where L and F' define a structural framework that is sampled from the dataset. We
sample this joint distribution by co-evolving V' by stochastic interpolants and A by discrete flow
matching, with combined loss

L(0) = N Lb(0) + XY L.(0) + A Lorm(0) Q)

where AV = 0 for ODE sampling schemes. Relative weights ) are optimized via hyperparameter
tuning (see Sec. [B).
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3.1 CHEMICAL SPECIES

We represent chemical species by atomic number and model them using discrete flow matching,
following OMatG’s implementation. Each atom takes a value a; € {1,2,...,100} and M = 0 is

a mask token. The base distribution sets all atoms to the masked state po(A) = [M]" and atomic
identities evolve via a continuous-time Markov Chain and are progressively unmasked until all
tokens are replaced at time ¢ = 1. The learned denoising probability p‘f‘ ;» and hence the rate matrix,

depend on all other state variables (F', L, V) in addition to the atom types.

3.2 LATTICE VECTORS AND VOLUME SCALE

The lattice matrix L is defined by the three lattice vectors [I1, l2, I3] and can be decomposed into shape
and scale: the unit-volume lattice L and log-volume V/, related by L = L * exp (—V/3). We fix L
throughout generation using an identity interpolant with mirrored based distribution L; = Ly = L1,
meaning that samples x are taken to have equivalent L to the sampled structures x1 ~ p1.

For the volume scale V', we utilize a linear interpolant where a(t) = 1 — ¢ and 5(¢) = ¢ with both
an ODE (+(t) = 0) and SDE sampling scheme (y(t) = y/at (1 — t) where a is a tunable parameter).
As the stochastic interpolant framework permits flexible base distributions, we fit a log-normal
distribution to unit cell volumes in the training set, yielding a Gaussian prior po(V') on log-volume;
previous work has shown that such priors improve generation performance Miller et al| (2024);
Hollmer et al.|(2025).

3.3 AtoMICc COORDINATES

Atomic positions live on a torus and are represented as fractional coordinates F' € [0,1)3*%,

expressing each atom’s position relative to the lattice vectors. As with the unit-volume lattice, we
fix fractional coordinates throughout generation using an identity interpolant with mirrored base
distribution, setting F; = F for all ¢, meaning that samples x( are taken to have equivalent F' to
the sampled structures x1 ~ p.

4 METHODOLOGY

4.1 EQUIVARIANT MODEL FOR CRYSTAL STRUCTURES

In order to properly account for symmetries inherent to crystal structures, we utilize a CSPNet
architecture based on that of Jiao et al.|(2023)) in the DiffCSP generative model. CSPNet is translation-
invariant as well as rotation- and permutation-equivariant, meaning it correctly accounts for the
symmetries which emerge as a result of treating the unit-cell as a periodic object. The full lattice
matrix L is reconstructed and provided to the model as input.

The architecture uses learnable atomic embeddings and represents fractional coordinates through
sinusoidal positional embeddings. It uses six message-passing layers with a fully-connected graph
neural network with atomic positions as nodes. Node embeddings hl(}) are initialized as a function of
the atom types a and updated through a message-passing scheme in which nearby node embeddings,
the full lattice information L, and sinusoidal distance embeddings are injected. This scheme is given
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Figure 3: (a) Uniqueness rate and kernel density estimate (using a Gaussian kernel) of the match-
boundary density as a function of stol of StructureMatcher plotted for the entire M P-20
dataset. (b) Examples of three structural frameworks with different compositions which ‘match’ by
framework to the reference CsoKPdFg structure, with the RMSDs and structural differences on one
of the symmetry sites magnified for each.

by
h%O) = ¢h(o) (a;)
mi = o (hg,l,hg ,1, SinEmb (2 xi))

N
7 _ 17
M) = Z M)
j=1

Ry = hieory +on (himn. i)

(6)

bv = ¢v ( 2maxs))
ba=¢a (hfmaxs))

wherein ¢,,, is a parameterized neural network. All necessary drift (¢, z) and denoiser 2 (¢, x)
terms are computed from linear layers applied to the hidden final layer node embeddings (of
dimension 1 for the volume scale and dimension 101 for the atomic species). The network also
predicts log p?‘t(al |z¢) for the atomic species.

5 DATASETS

For this work, we utilize the MP-20Jain et al.| (2013)); Xi1e et al.| (2022]) dataset from the Materials
Project that contains 45 229 structures with at maximum /N = 20 atoms per unit cell. This dataset
utilizes a 60-20-20 train-validation-test split.

5.1 FRAMEWORK DUPLICATE ANALYSIS

We investigate structural framework duplicates within M P-20, demonstrating that frameworks
are commonly shared across different materials—motivating our framework-constrained approach.
Duplicate analysis follows Martirossyan et al] (2025)) using St ructureMatcher (see Appendix[D]
for details), though we perform analysis only using stol. Structure pair comparisons are made to
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find the st ol tolerance at which they transition from matching to non-matching, which is equivalent
to the RMSD between atomic positions at this transition.

All pairs of structures are compared to one another using PyMatGen’s St ructureMatcher with
the default tolerances: the site tolerance st ol= 0.3, lattice length tolerance of 1tol= 0.2 and angle
tolerance of angle_tol= 5.0. Several non-standard arguments are added: the primitive_cell
argument is set to False to avoid reduction to primitive cells for matching; scale is set to True,
allowing for identical structural frameworks with different volume scales to match; and the comparator
ignores the identity of the chemical species. Our setup thus compares the structural frameworks only.

Figurereveals large peaks in match-boundary density at stol ~ 1 x 107" and ~ 1 x 10716,
identifying exact framework duplicates. These structures differ only by what we posit to be from
dataset preparation—numerical noise (possibly from structure symmetrization) or stopping criteria
for DFT-based structure relaxation. These duplicates account for ~18% of M P-20 materials. The
match boundary density also reveals multiple valleys (one at 1 x 10~7 and another at 1 x 10~%)
which would both suffice as duplicate cutoff values of stol, with only a modest difference in the
fraction of unique structures between them. At stol tolerances above 1 x 10~%, structures are
strikingly similar, but not duplicates. Visual inspection (Fig. ) illustrates how Ba,DyTaOg and
K;,RbScClg share similar geometric motifs as the reference Cs,KPdFs with completely different
chemistries and slightly varying structure. It is worth noting, however, that at the default tolerance
for St ructureMatcher of stol= 0.3 only ~10% structural frameworks would be considered
unique.

In summary, the analysis shows that the inductive bias underlying OMatG-FC is well-motivated by
the strong similarities between structural frameworks present in the dataset samples.

6 BENCHMARKS

6.1 DISTRIBUTIONAL PROPERTIES

To evaluate whether our model has learned the data distribution, we compare distributional properties
of generated structures against the test set using Wasserstein distance. The properties we compare
include mass density p, N-arity (number of unique elements), averaged coordination number by
element (CN) g, element counts, and space groups. We also report validity metrics for the generated
structures, including structural validity (all bond lengths > 0.5A), compositional validity as measured
by the SMACT software (version 3.0), and the combined validity requiring both criteria to be satisfied.

6.2 COMPOSITIONAL OVERLAP

Finally, we examine the distribution of compositional (element) overlaps between structure pairs to
assess the propensity of our model to explore new chemical compounds. For each structure pair, we
first determine whether the frameworks match using St ructureMatcher as described in Sec.
if so, we record the fraction of shared elements. Since a single framework can admit multiple plausible
compositions, we use a “match-everyone-to-reference” approach [Martirossyan et al.| (2025), retaining
only the highest compositional overlap among all matching frameworks for each reference structure.

6.3 STABILITY, UNIQUENESS, AND NOVELTY

We use the benchmarking framework LeMat-GenBench Betala et al.[(2026)) to compare OMatG-FC
performance on standardized metrics against other recent generative models. This benchmarking suite
has the advantage of a public leaderboard for ease of comparison and unified benchmarks, and uses
three machine-learned interatomic potentials—MACE Batatia et al.[(2025)), UMA Wood et al.| (2025)),
and Orb-v3|Rhodes et al.[(2025)—as a surrogate for DFT relaxation to compute stability rate, the
energy above hull, and the root-mean-squared-distance (RMSD with A units) between the generated
and relaxed structures. A validity metric screens structures based on a number of parameters measur-
ing physical plausibility, including CIF readability, structural, density, and lattice parameter validity,
symmetry, and charge neutrality. Uniqueness and novelty are assessed using the disorder-adapted
StructureMatcher fingerprint method as developed by MatterGen |Zeni et al.| (2025), which
treats chemically-disordered versions of the same structure as being equivalent. Generated structures
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Table 1: Distribution-based metrics from de novo generation of 10 000 structures using models trained
on the M P-20 dataset with the structural frameworks present in the M P-20 test dataset. We report
comparisons to other de novo generation models: DiffCSP, FlowMM, and OMatG-EncDecODE. Best
scores in each category are bolded and second-best are underlined.

I
Method Integration steps Validity (% 1) Property (1)

Structural  Composition Combined wdist (p) wdist (Nary) wdist ((CN)g) wdist (elem) wdist (sg)
DiffCSP 1000 99.91 82.46 82.46 0.3133 0.3193 0.3916 1.6300 20.40
FlowMM 1000 92.26 76.87 76.86 1.0712 0.1130 0.6603 0.9255 13.02
OMatG-EncDecODE 840 97.25 84.16 84.16 0.1155 0.0553 0.1026 0.8249 24.80
OMatG-FC-LinearODE 610 100.0 87.38 87.38 0.6045 0.0719 0.1890 0.4038 4413
OMatG-FC-LinearSDE 620 100.0 86.33 86.32 0.0860 0.0856 0.1163 0.8483 5.888

Table 2: Benchmarks for de novo generation as provided by the LeMat-GenBench software Betala
et al.| (2026)) on 2500 generated structures. Stability is defined as having < 0 eV/atom above hull and
metastability is defined as < 0.1 eV/atom above hull. Uniqueness and novelty results are combined
with (meta)stability assessments to produce (M)SUN rates. For OMatG and OMatG-FC models,
structures are subsampled from those in Tab. [T|and benchmarks are computed, otherwise benchmarks
from other models are reproduced from the LeMat-GenBench leaderboard. Models marked with a {
utilize pre-relaxation before assessment, and therefore their results cannot directly be compared. Best
scores in each category (excluding pre-relaxed structures) are bolded and second-best are underlined.

Method Validity Unique Novelty Stable Metastable S.UN. MS.UN. (E)/N RMSD
Rate (%, 1) Rate(%,7T) Rate(%,1) Rate(%,?T) Rate(%,1) Rate(%.T) Rate(%,1) (eV,]) A, D
ADIT 90.6 87.8 26.0 0.4 36.5 0.0 1.0 0.33 0.38
DiffCSP 95.7 94.8 66.2 23 29.8 0.1 8.5 0.27 0.59
DiffCSP++ 95.3 95.1 62.0 1.0 26.4 0.2 5.0 0.41 0.69
SymmCD 73.4 73.0 47.0 1.4 18.6 0.1 24 0.88 0.87
OMatG-EncDecODE 924 91.6 55.1 0.4 30.3 0.1 3.6 0.31 0.61
OMatG-FC-LinearODE 95.9 922 30.4 2.0 49.8 0.4 5.9 0.27 0.31
OMatG-FC-LinearSDE 96.5 93.4 349 3.6 56.4 0.2 6.8 0.17 0.30
MatterGen' 95.7 95.1 70.5 2.0 334 0.2 15.0 0.18 0.39
PLaID++F 96.0 77.8 242 124 60.7 1.0 7.6 0.085 0.13

are compared against a reference dataset, where structures are unique if they are non-redundant within
the generated set, and structures are novel if they are absent from the reference dataset. Stability is
defined in terms of the energy above the convex hull (Eyy);), where stable structures satisfy Fpyy < 0
eV/atom and metastable structures satisfy 0 < Epy; < 0.1 eV/atom. Combined, these metrics define
S.U.N (stable, unique, and novel) and M.S.U.N. (metastable, unique, and novel) rates which are
the union of the three properties for each structure. We follow the LeMat-GenBench leaderboard
standard and compute these metrics on 2,500 structures sampled from our generated test set.

7 RESULTS

We present distributional metrics for generated structures in Table[I] OMatG-FC performs competi-
tively on most distributional benchmarks, with notable improvement on the space group Wasserstein
distance (see Appendix[C|for more detail). This improvement arises because fixed positions and lattice
parameters yield accurate symmetries by construction, whereas non-constrained models produce
positional noise that requires relaxed symmetry tolerances for space group identification. For the
same reason, structural validity is 100%.

De novo generation metrics from LeMat-GenBench are shown in Table 2] OMatG-FC achieves
state-of-the-art performance in SUN rate, average energy above hull (E)/N, and RMSD between
generated and relaxed structures. This is expected, as structural frameworks from the dataset guide
generated crystals closer to stable atomic packings. Our models also achieve the highest validity
scores, which here include structural validity but also the metrics described in Sec. Finally,
we demonstrate high stability and metastability rates, which compensate for lower novelty rates
(similarly to the PLaID++ model Xu et al.|(2025)). Compositional overlap results are included in

Appendix
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8 DISCUSSION AND CONCLUSION

We introduce a new type of generative model, OMatG-FC, which allows for the exploration of
novel chemical compositions on structural frameworks. While counterintuitive for the prospect of
discovering novel types of materials, we show that our method is a state-of-the-art de novo generative
model. This is accomplished through simplification of the learning task, as well as the inductive
bias imposed by the structural framework constraint, which pushes the learned distribution towards
crystals that are closer to the convex hull (i.e., more stable). Ultimately, OMatG-FC paves the way for
discovery via structural frameworks—Ilimited in our study to those from the dataset, but in practice
applicable to any theorized point pattern.
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A COMPOSITION OVERLAP RESULTS

We evaluate compositional overlap between matching frameworks by plotting the distribution of
compositional overlap percentages in Figure ] using the method described in Sec. [6.2] Matching
structural frameworks typically share some chemical species, but many generated structures have
compositions absent from matching frameworks in the test set, suggesting that the model explores
novel chemical space.

Density

0 20 40 60 80 100
Composition Overlap (%)

Figure 4: Kernel density estimate (using a tophat kernel) of the composition overlap between
generated structures using the OMatG-FC (with LinearODE) model and the reference dataset in
a match-everyone-to-reference fashion. Partial overlap with best-matching reference structures
indicates partial adherence to known compositions as well as a propensity for compositional novelty.

B HYPERPARAMETER TUNING

We perform hyperparameter tuning of the models based on the linear interpolant for both ODE and
SDE sampling schemes, using the Ray Tune package Liaw et al.|(2018) with the Optuna library
Akiba et al.|(2019)). For training, we tune the relative loss weights )\, the batch size, the learning rate,
the weight decay and, (¢) (for SDE). For inference, we tune the number of integration steps, the
species noise 7, the time-dependent noise &(¢) (for SDE), and the magnitude of the velocity annealing
parameter s for the volume scale. We minimize with respect to the following evaluation metric:

evalpcp = avg [1 — combined validity,
wdist(p), wdist(Nary), wdist((CN) g), @)

wdist(elem), wdist(space group)] .

C SPACE GROUP IDENTIFICATION

In Table|l} the space group Wasserstein distances are evaluated via space group identification with
spglib|Togo et al|(2024). Model performance is evaluated using a variable precision protocol
introduced by OMatG or by setting symprec=1 x 1072, The results in Table |1| reflect in the
lowest wdist(sg) values for each model from the precision protocol choices. For each fixed choice of
tolerance handling, OMatG-FC models outperform others.

D STRUCTURE MATCHER

PyMatGen’s StructureMatcher is a commonly used tool to compute match rates between
generated and reference structures. The algorithm determines whether two structures match using
three tolerances: the lattice (1to1) and angle tolerance (angle_tol), which control the allowed
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deviation in lattice lengths and angles, respectively; and the site tolerance, st o1, which controls
the allowed volume-normalized atomic-site displacements based on the average free length per
atom, (V/N) 3, where V is the unit cell volume and N is the number of atoms. Matching typically
proceeds by reducing structures to primitive cells (we however, set this to False), aligning lattice
vectors within tolerances, and computing a normalized per-atom root-mean-square-distance (RMSD)
between atomic positions.
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