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Billions of organic molecules have been computationally generated, yet
functional inorganic materials remain scarce due to limited dataand
structural complexity. Here we introduce Structural Constraint Integration
ina GENerative model (SCIGEN), aframework that enforces geometric
constraints, such as honeycomb and kagome lattices, within diffusion-based
generative models to discover stable quantum materials candidates. SCIGEN
enables conditional sampling from the original distribution, preserving
output validity while guiding structural motifs. This approach generates

ten million inorganic compounds with Archimedean and Lieb lattices, over
10% of which pass multistage stability screening. High-throughput density
functional theory calculations on 26,000 candidates shows over 95%
convergence and 53% structural stability. A graph neural network classifier
detects magnetic ordering in 41% of relaxed structures. Furthermore, we
synthesize and characterize two predicted materials, TiPd,,,Bi, ¢s and

Tiy sPd, ;Sb, which display paramagnetic and diamagnetic behaviour,
respectively. Our results indicate that SCIGEN provides a scalable path for
generating quantum materials guided by lattice geometry.

Structure-property relationships are instrumental in understanding
functional quantum phenomena of materials. Symmetry and geometry
arecriticalindicators that profoundly influence materials’ properties
based on the structures. For example, materials with inversion sym-
metry can lead to topological crystalline insulators', whereas break-
ing inversion symmetry can result in a variety of phenomena such
as Rashba spin-orbit coupling?, ferroelectricity’, second harmonic
generation® and topological Weyl semimetals®. A material’'s geometric
pattern s closely linked to its electronic states and magnetic order-
ings. The square lattice serves as a platform for high-temperature
cuprate superconductors®, while triangular, honeycomb and kag-
ome lattices can host exotic magnetic states such as quantum spin

liquids™. Additionally, kagome and Lieb lattices can support electronic
flat bands®'°, which may provide a technological pathway to replace
rare-earth elements”. Also, porous structures such as zeolite lattices
are used in catalysis". However, designing stable materials with the
desired quantum properties can be non-trivial. For example, only a
dozen quantum spin liquid candidates have been identified after a
decade of research®.

Machinelearning (ML)-based material generators have led to a par-
adigm shiftin materials design. Diffusion models, such as CDVAE, Uni-
Mat and DiffCSP**™¢, and graph neural network models such as GNoME"”
have showngreat promise inidentifying stable structures to generate
millions of materials. However, most ML-based generators sample
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from the statistical distribution of the training dataset, generating
materials that reflect the structures and properties commonly found
inthe database. This approach makes it challenging to design materials
with specific constraints that are underrepresented or absent in the
dataset. Although there have been some developments toincorporate
crystallographic space groups inmaterials generation'®?, integrating
geometric patterns into generation algorithms for functional materials
remains challenging. Space group symmetry can provide a material’s
structural framework, but does not always capture the detailed local
geometric patterns critical for certain quantum phenomena. For exam-
ple, monoclinic stacking variants of hexagonal symmetry layers may
not be fully described by the space group symmetry alone. In systems
such as frustrated magnets with kagome lattices, the geometric pat-
tern is more critical in supporting exotic quantum phenomena than
the overall space group. Therefore, the key to exploring new quantum
phenomenais the development of an ML-based generator capable of
producing materials constrained by particular geometric patterns.

This work presents SCIGEN: Structural Constraint Integration in
a GENerative model. SCIGEN is a scheme that any pretrained genera-
tive diffusion model can utilize toincorporate geometric patterns and
symmetry constraints to generate materials without retraining or
fine-tuning. Starting fromthe target constraints, SCIGEN diffuses aran-
dom constrained structure over multiple time steps. The constrained
structures mask the denoised structure before each diffusion step,
creating aninductive bias that directs the generation process toward
producing outputs that adhere to the constraints. Theiterative usage
ofamaskatevery denoising step converges allatoms belonging to the
mask into the sites of the imposed geometry deterministically, mak-
ing SCIGEN distinct from the conventional approach of conditional
generation. SCIGEN effectively performs conditional generation with
respect to the probability distribution of the base model. Thisindicates
that the constraint imposed by SCIGEN will preserve the integrity of
the base generative model, including but not limited to the stability
of generated materials and chemical element distribution. We apply
SCIGEN as a conditioning scheme to DiffCSP™ to validate the preserva-
tion of the base generative model’s capabilities. We generate materials
constrained by Archimedean lattices (ALs)?**, whichare a collection of
two-dimensional (2D) lattice tilings of square, triangular, honeycomb,
kagome and afew other geometric patterns—all rich harbours of exotic
quantum phenomena. We generate a total of 10.06 million materials
with ALs. After a four-stage stability prescreening, over 1.01 million
materials survived. We compute structure relaxation on a subset of
26,000 materials with high-throughput density functional theory
(DFT), determining that 95% of the materials complete the calcula-
tionand more than 53% reach the energy minimum within150 steps of
structural optimization. Based onagraph neural network-based clas-
sifier, we identify magnetismin 41% of the DFT-optimized structures.
From the down-selected dataset of materials, we synthesize two new
materials, TiPdBi and TiPbSb. Although the competing phases during
synthesis can cause aslight deviation from the predicted products, the
experimental results remain closely aligned with our calculations. Mag-
netization measurements reveal distinct magnetic behaviours in the
compounds: TiPdBi and TiPbSb show paramagnetic and diamagnetic
properties, respectively. Because SCIGEN requires no extra training
apart from the underlying generative model, it offers a flexible and
generally applicable conditioning scheme of materials generation with
constraints from symmetry and geometric patterns.

SCIGEN

Figure 1 presents a schematic overview of SCIGEN. The goal of crystal
structure generationis to find periodic crystals M, which can be rep-
resented by the three components: the lattice matrix containing three
basis vectors L =[l,,,;] € R33, the fractional coordinates
F=1f.f,....fil€[0, 1)3XN and one-hot representations of atom
types A = [ay, a,, ...,ay] € [0, l]hXN.Our methods impose geometric

constraints on L, Fand A, respectively, in diffusion-based material
generation. Figure 1a illustrates notable geometries, including trian-
gular, honeycomb and kagome lattices. Following the guideline in
Fig.1b, weinitiate the constrained structures withan AL composed of
magnetic atoms. Figure 1c explains the algorithm of the generative
processintegrating the constrained components. The initialized struc-
ture is subjected to a diffusion process by adding noise over T steps
denoted as M; wheret € [1, T] (T=1,000 by choice), providing the pre-
defined pathway of denoising process for the constrained components.
Anunconstrained structureis initiated as acompletely noisy structure
M7.Both My and MY are integrated to form M. This composite struc-
ture M is then denoised to retrieve My_;. SCIGEN repeats this process
through all steps; it merges M: and M to get M, and then predicts My _;.
This iteration optimizes the final material structure M, by guiding a
subsetof atoms to form AL planar structures. A more detailed explana-
tion of theimplementations is shown in Supplementary Information,
section 3, and the detailed training process is shownin Supplementary
Information, section 5. Additionally, Supplementary Information,
section 4 provides amathematical proof that the constraintimposed
by SCIGEN does not alter the distribution of the underlying uncon-
strained generative model. Thisis further verified computationally in
Supplementary Information, section 6 through analyses of element
histograms, atomic co-occurrence matrices and the oxygen-cell size
relationship inthe generated crystals. Together, these resultsindicate
that SCIGEN can faithfully impose constraints without disrupting the
original material distribution. Following the generation of a large set
of material candidates, we evaluate their stability through a four-stage
prescreening process. The prescreening involves applying chemical
rules such as charge neutrality and the volume of atoms occupying the
lattice unit cell, along with auxiliary neural networks that predict sta-
bility based on the energy above the convex hull (E,,;) values. After
that, we use high-throughput DFT to relax structures and identify
potentially stable candidates.

Materials generation with AL constraints

Figure 2 presents the results of materials generation constrained by
three primary AL types: triangular (Fig. 2a), honeycomb (Fig. 2b) and
kagome (Fig. 2c). The AL structures are formed as intended by the
SCIGEN algorithm, which guides the arrangement of the constrained
atoms to give predefined geometric patterns. The constraints do not
explicitly dictate the positions of the unconstrained atoms. However,
their placement emerges during the generation process, influenced
by spatial and bonding considerations. For triangular lattices (Fig. 2a),
unconstrained atoms tend to occupy sites that bridge three magnetic
atoms, forming anequilateral triangle. For honeycomb lattices (Fig. 2b),
unconstrained atoms frequently emerge at the centre of the hexagons
formed by magnetic atoms in the same plane. In kagome materials
(Fig. 2¢), unconstrained atoms bridge the equilateral triangles and
the hexagons of kagome lattice layers. If the space within the polygons
is too narrow relative to the atomic radii, these unconstrained atoms
may shift outside the AL plane. On the other hand, large polygons,
such as hexagons, canaccommodate the unconstrained atoms within
the same plane.

To generate constrained material structures with a higher likeli-
hood of stability, we develop a scheme for sampling initial conditions.
We analyse theratio of stable outputs, defined as the survival ratio after
the multistaged prescreening processes. First, we sample the number
of atoms per unit cell (V) from a uniform distribution to identify which
Nvalues are more likely to pass the stability prescreening. This results
inaprobability distribution p(N) of values based on their prescreened
stability. We then use this probability distribution p(N) to sample Nto
initialize the large-scale generative process. Figure 2d shows the sam-
pling profile of N, which covers all of the ten ordinary magnetic atoms
asthe vertices of AL structures. For triangular lattice materials, smaller
Nvalues show higher successrates, whereas larger Nvalues are favoured
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Fig. 1| Schematic overview of material generation with geometric patterns as
constraints. a, Three primary classes of ALs with hexagonal unit cells: triangular,
honeycomb and kagome. b, Guidelines for structure initialization of the diffusion
model with magnetic atoms at AL vertices. Required components include (1)
lattice types, (2) magnetic atom types, (3) nearest-neighbour distances and (4)
total number of atoms per unit cell. c. Methodology of crystal structure
generation via a diffusion denoising probabilistic model with geometric pattern
as constraints. Theinitialized structures are iteratively made noisy (o) to prepare

o ) Diffuse ®,) Denoise

apredefined pathway of the constrained structure M5, t € [1, T1. For each
denoising step ¢, an unconstrained structure M is combined with constrained
structure M’ to obtain anintegrated structure M,. M, is passed to the denoising
model @, and denoised to become the unconstrained structure M_,. By
repeating this process, we obtain the final crystal structure M,, whichis guided by
the geometrical pattern constraints M but remains realistic. The output crystals
are designed toincrease the likelihood of stability in the subsequent stability
evaluation steps.

for honeycomb and kagome. This result is reasonable because the AL
typeis directly linked to the unit cell size, which is a linear function of
bond lengths for eachclass of AL types. For triangular lattice, the lattice
parameters [, and [, are the same as the bond length of the neighbour
node, while forhoneycomb and kagome lattices, the lattice parameters
are v/3 and 2 times the bond length, respectively. In the case where
many atoms are packed into the unit cell of a small cross-section of the
AL, the cell needs tobe ‘tall’, thatis, l;needs to be larger withrespect to
[, and L,. Next, we survey which magnetic atoms are suitable as the
vertices of ALs. Figure 2e presents the number of stable materials after
the prescreening with respect to magnetic atom types, whichwe ana-
lyse fromthe set of 3,000 generated materials for each lattice type and
each magnetic atom. Despite variations, all magnetic atoms are shown

tobeabletoformAL structures. Therefore, we sample atom types for
AL vertices with equal probabilities for large-scale materials generation
and database construction. The Methods and Supplementary Informa-
tion, section 2 describe the sampling schemes for the initialization
conditions in detail.

Our exploration of materials with geometric constraints does not
end with the three primary types of ALs but can also apply to other
geometric patterns. In contrast to the common types of triangular,
honeycomb and kagome lattices, magnetic systems known to fit in
other ALs are extremely rare. Figure 3 showcases 3 x 3 x 1supercells of
the generated materials with seven other types of AL: square, elongated
triangular, snub square, truncated square, small rhombitrihexagonal,
snub hexagonal and truncated hexagonal. One type of AL lattice, the
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Fig. 2| Generated materials with three primary types of ALs. a-c, AL patterns
and generated material structures are displayed for triangular (a), honeycomb
(b) and kagome (c) lattices. d, The sampling profile of the number of atoms per
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unit cell Ngenerated by measuring the survival ratio from a uniform sampling of
N.e, The number of materials remaining after prescreening is presented for the
common magnetic atom types in each primary geometric pattern.

great rhombitrihexagonal, is not presented due to the challenge of
generating stable materials. The unconstrained atoms within these
materials often play a critical role in the overall stability of the struc-
tures. They tend to bridge gaps between structured lattice layers, either
by sitting at the centre of polygons on the same plane or contacting
all vertices of the polygon structures, effectively stabilizing the AL
layers. This bridging is not just a passive consequence of the material
generation process but actively contributes to the mechanical and
thermal stability of materials®. Interestingly, these unconstrained
atoms frequently organize into recognizable Archimedean patterns
even when not explicitly constrained to form specific lattice struc-
tures. This trend might suggest an inherent preference or stability in

the configurations of AL whose vertices are equivalent with respect to
thelocal coordinates.

Materials generation with Lieb-like lattice structures

The Lieb lattice is a variation of the square AL with additional atoms
located at the centres of each edge of the squares, as visualized in Fig. 4a.
Each unit cell of the Lieb lattice contains three atoms. The geometry
of the Lieb lattice can lead to magnetic frustration when interacting
spinsare placed at eachlatticesite. Inaddition to magnetic frustration,
whichis potentially afeatureamongAL structures, the Lieb lattice stands
out due to the possibility of possessing unique electronic properties
represented by flat bands™. Contrary to localized atomic orbitals, the
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Fig. 3| Generated materials with other AL structures. a-g, Examples of materials examples the remaining ALs: square (a), elongated triangular (b), snub square (c),
truncated square (d), small rhombitrihexagonal (e), snub hexagonal (f) and truncated hexagonal (g). Each subplot displays the AL pattern and two examples of generated

materials.

flat bands formed from the Lieb lattice originate from the destructive
quantum interference effect, which quenches the kinetic energy. This
may lead tointeresting physical phenomenasuch as enhanced electron
correlation and high-temperature superconductivity®*. Furthermore,
recent research has shown that the Lieb lattice can exhibit non-trivial
topological properties when subjected to various perturbations®. How-
ever, theLieblattice has mainly been achieved in artificial systems such
as photonic crystals®®*, and atomic solids that can host the Lieb lattice
are extremely rare.

In this work, we also focus on the Lieb-like lattice where magnetic
atoms sit on the Lieb lattice. Lieb-like crystals include variants of the
Lieb lattice (Fig. 4b), such as additional atoms positioned within the
lattice framework. Figure 4c shows the generated materials with Lieb
lattice crystal structures and their calculated band structures. In these
generated materials, magnetic atoms such as terbiumand dysprosium
are strategically positioned at the nodes of the Lieb lattice. Following
structural relaxation through DFT calculations, the integrity of the
Lieb lattice architecture is maintained, and the structures exhibit the
anticipated flat band characteristics close to the Fermilevel. These out-
comes demonstrate SCIGEN’s ability to generate new, stable materials
with exotic geometric patterns, even when few known materials fit the
desired geometric pattern. To push SCIGEN toward realistic oxide ana-
logues of cuprate and nickelate superconductors®®?’, we introduce an
adaptive-unmasking strategy. The goal of adaptive unmaskingis to par-
tially relax the full structural constraint of SCIGEN while enhancing the
flexibility and stability of generated crystals. Inadaptive unmasking, the
rigid inpainting mask that fixes the Lieb motifis gradually relaxed after an
early fraction of the denoising schedule, allowing oxygen and transition

metalssites to seek chemically reasonable bond lengths while the overall
Lieb topology is retained (Fig. 4b). Figure 4d displays representative
adaptive-unmasking-generated heteroatomic Lieb lattices such as Ti;Co-
Cu,0¢ and Li;MnO,. Supplementary Information, section 11 details the
adaptive-unmasking protocol, which covers the time-dependent release
of constraints and the assignment of multispecies sites.

Database of materials with ALs

Asdetailedin Supplementary Information, section12, we generate an
AL materials database using SCIGEN. The database has three compo-
nents: the total 10.06 million materials generated by the SCIGEN model,
the 1.01 million materials that survived four stages of stability pre-
screening processes, and 24,743 out of 26,000 subsampled materials
inwhich DFT calculations successfully converge. Toidentify magnetic
structures, we trainagraph neural network (GNN)-based classification
model based on Merker et al.*°, achieving anaccuracy of 92%, and find
that41% of the converged generated structures are identified as mag-
netic materials. For specific elements (iron, gadolinium, neodymium),
the predicted ratios—representing the fraction of magnetic materi-
als among structures containing each element—align well with their
ground truth values. Of the materials containing iron atoms, 98.53%
are predicted to be magnetic, closely aligning with the ground truth
ratio 0f 93.63%. Similarly, 100% of the materials containing gadolinium
atoms are predicted to be magnetic, matching the ground truth. For
neodymium-containing materials, 19.10% are predicted to be magnetic,
compared toaground truth ratio of 26.61%. This agreement supports
theintuitionthat gadolinium consistently shows high magnetic prop-
erties with its strongly magnetized orbitals, while neodymium, with
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Fig. 4| Generated materials of aLieb-like lattice. a, The Lieb lattice pattern
serves as ageometric template integrated into the generated material structures.
b, Lieb lattice structure, side view. Concept of a heteroatomic Lieb lattice in
which bridging sites are occupied by a second element (blue), allowing slight out-
of-plane relaxation enabled by the adaptive-unmasking strategy (Supplementary
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Information, section11). ¢, Generated supercell and flat band structures of the
Lieb-like lattice materials for Ce;NaTb, (top) and CeDy;NdYb (bottom), with the
Fermilevel £; set to O eV. The flat bands in both examples are slightly (0.1-0.2 eV)
above the Fermilevel. d, Ti;CoCu,O (left) and Li;MnO, (right) as examples of the
generated materials with heteroatomic Lieb lattices.
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weaker magnetization, presents lower ratios. Further details can be
found in Supplementary Information, section 8.

By systematically extending our exploration to encompass a
broader range of geometric patterns—including ALs such as trian-
gular, honeycomb and kagome lattices, and Lieb lattices—we explore
new exotic magnetic orderings, discover porous structures beyond
zeolites and investigate electronic flat band structures, among other
possibilities.

Experimental efforts guided by SCIGEN-generated magnetic
materials

Our SCIGEN framework shows promise in generating stable quantum
material candidates, in particular those with magnetic properties.
Magnetism remains a central focus in quantum material discovery
because many generated lattice structures, such as ALs and Lieb
lattices, can host exotic magnetic states including frustration and
emergent phenomena. Experimental exploration s critical to assess
whether ML-predicted structures or their competing phases®"*? can
be synthesized. Successful synthesis may reveal behaviours beyond
current theoretical understanding. Given the importance of titanium
atoms for both frustrated magnetism and functional devices, we select
two previously unreported SCIGEN-predicted compounds, TiPdBiand
TiPdSb, for synthesis and structural and magnetic characterization.

The experimentally realized compounds, TiPd,,,Bi,ss and
TiysPd, sSb, differ in stoichiometry and crystal symmetry from their
SCIGEN-predicted counterparts. These discrepancies probably result
fromdisorder, site occupancy effects and the influence of thermody-
namically preferred phases under experimental conditions—factors
not explicitly accounted for by the generative model, whichis trained
on 0-K DFT data. Rather than serving as direct validations, these experi-
mental efforts demonstrate the capacity of SCIGEN to propose chemi-
cally plausible motifs that present evidence for further exploration,
even if not realized in their idealized forms. Details are provided in
Supplementary Information, section 10.

Conclusion and outlook

Thiswork presents SCIGEN, agenerative model that discovers quantum
material candidates that adhere to geometric constraints. SCIGEN
introduces a masking strategy that integrates geometric patterns
directly into the diffusion process, guiding material generation toward
structures consistent with specified constraints. This approach allows
SCIGEN to perform conditional generation without retraining the
base diffusion model, enabling efficient exploration of diverse lat-
tice symmetries and atomic arrangements. Our method incorporates
AL constraints into the material generation process, guiding SCIGEN
to produce crystal structures with specific geometric patterns. This
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conditional scheme increases the likelihood of discovering quantum
materials with unique properties, including frustrated magnetism
and flatband structures. These materials have been validated through
DFT to ensure that their relaxed structures are consistent with the ML
generations. On total, 41% of the DFT-optimized structures are iden-
tified as magnetic materials utilizing a GNN model. Our preliminary
experiments suggest that SCIGEN has the potential to contribute to
the discovery of quantum materials.

To further enhance SCIGEN'’s capabilities, future work could
explore further geometry-related constraints, such as bonding types,
coordination numbers, short-range orderings and symmetries such
as pointgroups and space groups. A preliminary analysis on the space
group distribution of SCIGEN-generated materialsisshowninSupple-
mentary Information, section 9. Integrating more complex constraints,
such as defects and magneticinteractions, willexpand SCIGEN’s versa-
tility. Conditioning the generation process with targeted functionali-
ties—suchas specific thermal, electronic and optoelectronic properties
or environmentalimpacts—could further facilitate the material design
with tailored performance.

SCIGENrepresents ageneral ML-based framework for discovering
quantum material candidates. This innovation opens previously inac-
cessible regions of the materials design space, laying the foundation for
uncovering structure-property relationships. It marks the beginning
of abroader exploration into geometry-driven materials discovery,
paving the way for quantum material breakthroughs.

Online content

Any methods, additional references, Nature Portfolio reporting sum-
maries, source data, extended data, supplementary information,
acknowledgements, peer review information; details of author contri-
butionsand competinginterests; and statements of dataand code avail-
ability are available at https://doi.org/10.1038/s41563-025-02355-y.
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Methods

Initialization of the ALs

Here, we describe the workflow to initialize the materials generation
process related to both ALs and the entire structure of the crystal for
the diffusion model. Thisinitialization processinvolves afew steps: the
choice of AL, the atom types and the total number of atoms per unit
cell. We summarize theinitialization process in Fig. 2b; amore detailed
scheme can be found in Supplementary Information, section 2.

First, we assign the required geometric domain condition to the
crystals. In SCIGEN, we specify one of the AL structures, such as trian-
gular, honeycomb or kagome lattice, as ageometric domain condition.
Eachtype of AL requires the number of vertices per unit celland the size
ofthe unit cell. Supplementary Information, section1 presents the geo-
metric patterns and the preliminary profiles of all AL and Lieb lattices.

Second, we choose the constrained atom type .4¢ placed on the
vertices of the AL structure assigned above. We specify ten types of
ordinary magnetic atoms (Mn, Fe, Co, Ni, Ru, Nd, Gd, Tb, Dy, Yb) to
generate candidate materials that may host geometrically frustrated
quantummagnetismon the vertices. Theatomtypes are choseninde-
pendently from the AL choice above.

Third, we sample the constrained magnetic bond lengths d¢, or
the distances between the nearest-neighbour magnetic atoms, forming
the ALs. For each magnetic atomtype .4¢, we generate the profile of the
bond lengths by sampling the nearest-neighbour distances between
the corresponding atoms in the MP-20 dataset™>* using CrystalNN*,
We impose a lower bound on the bond lengths based on the metallic
radii’*® for each atom type, ensuring the nearest-neighbour distances
donotbecome unrealistically short. The bond length distribution for
each magnetic atom type A, p(d¢|4°), is presented in Supplementary
Information, section 2.

Finally, we sample the total number of atoms per unit cell N. Each
of the ALs has the distribution of the preferred N values with better
stability. We generate p(N), the stable materials probability distribution
of N. We can sample N from p(N) as the sampling profile of N for each
AL type. The sampling profile of both p(N) and p(V|4€), which is the
distribution of each magnetic atom type .45, is displayed in Supple-
mentary Information, section 2.

Toimpose ALs as the constraints, we organize masks m = (m*, m",
m*) which give constraints for the lattice L, fractional coordinates F
and atomtypesA, respectively. m* is equal to1for the two lattice basis
vectors [, and I, defining the unit cell of the AL layer plane. m* is equal
to Ofor ;because we let the diffusion model generate I without explicit
constraints. We assign m” is equal to 1 for the ith atoms (i € [1, N]) to
guide their placementat the vertex positions of the AL layers. The same
ruleapplies for m*so that the atoms at AL vertices result in the magnetic
atomtypes .A°.

Integration of constrained and unconstrained components to
guide materials generation

We designed SCIGEN as a generic framework applicable to any diffu-
sion model as a base model. Without loss of generality, we define the
pretrained base model torepresent a periodic structure as M, with T dif-
fusionsteps. Specifically, it consists of a sampling probability prior P;
adiffusioninference model g, mapping the training data distribution
to P;;and adenoising generative model p, whichis trained toinvert the
diffusion process. The diffusioninference model g works by iteratively
imposing noise on the input structure, M,,. The inference probability
of most diffusion models, including the base model used in SCIGEN,
is a Markov process, that is, the probability of diffusing M, for ¢ steps
to M,canbe writtenas

t

P(M,|Mo) = Go,(M|Mo) = ] | gs-1,4(Ms|M;_,) @

s=1

with

P(M7|My) = qo,f(M7|My) ~ Pr. (2)

A well-trained diffusion model should have a denoising generative
model p that caninvert the diffusion, thatis, for a denoising step from
M.toM,,,

Prii(M 1 IMy) = G o ((M_ M) 3)

Here, the subscripts of p and g indicate the initial and final time steps
that the models are applied to, for example, g, ,, is the diffusion infer-
ence from time step ¢, to ¢,. Because g is normally chosen as a simple
probabilistic function, we cannot easily find itsinverse. Hence, training
isrequired for the denoising generative model. In SCIGEN, we per-
formed this training to ensure the model could effectively reconstruct
valid materials from noisy structures using DiffCSP as the base model
(Supplementary Information, section 5).

Our approach to material design is summarized in algorithm 1.
This method integrates geometric constraints to ensure that specific
structural elements, such as lattice configurations or atomic distribu-
tions, adhere closely to predefined constraints. At the same time, the
model allows flexibility in unconstrained regions, enabling exploration
of other structural components. This balance between constraint
and freedom is central to SCIGEN’s ability to generate materials with
tailored characteristics. Although similar masking-based approaches
have been used inimage generation tasks such asinpainting (for exam-
ple, the RePaint method”), applying geometric constraints to crystal
generation introduces unique challenges. For instance, crystal struc-
tures must account for periodicboundary conditions and interatomic
interactions, which require additional care when applying constraints.
SCIGEN addresses these complexities by incorporating constraints
directly into the diffusion process, ensuring that generated materials
adhereto desired geometric patterns without compromising stability
or diversity. Thegeneration of acrystal generative model with geomet-
ric constraints involves several key steps:

1. Adding noise to the constraint structures. First, we introduce
noise to atarget structure that is randomly initialized to
satisfy the target constraints (This constrained structure can
be unstable or unrealistic depending on the imposed target
constraints.) We use the diffusion inference model, g, to obtain
diffused constrained structures for each time step ¢t € [1, T]. This
operation aims to create a predefined pathway for denoising
the constrained structures. The unconstrained components of
the crystals are guided by this predefined denoising pathway so
that the unconstrained components fill the spaces given by the
constrained components in the final outputs.

2. Denoising the unconstrained structures with a base diffusion
model. Concurrently, the unconstrained parts of the structure
undergo a normal denoising process with p. This process, fa-
cilitated by the base model, iteratively refines these regions by
reducing the introduced noise, thereby nudging them toward
physically realistic configurations.

3. Integration of the constrained and unconstrained structures.
Each denoising step recombines the constrained and uncon-
strained components after processing them independently.
This combination is critical because it ensures the predefined
constraints are maintained while integrating seamlessly with
the freely generated segments. This method preserves essential
structural features while enabling the discovery of novel mate-
rial configurations with tailored properties.

Algorithm1presents the SCIGEN sampling procedure designed
to generate material structures with structural constraints. The algo-
rithm utilizes adiffusion model toiteratively refine structures, ensur-
ing the generated structures contain specific geometry as constraints.
The procedure begins with the initialization of constrained structures
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M;, indicated with superscript ¢, along with the corresponding masks
m. The mask m indicates the constrained components in Mg with
binary masking, that is, assigns the value of 1 to the constrained
components and O to the unconstrained components. The
final-time-step unconstrained structure My, indicated with super-
script u, and constrained structure My are sampled from the probabil-
ity prior Prof the base model. We obtain the final-time-step structure
M that contains the constrained components from M}, and the
remaining parts from M;. We formulate this operation as
M; — m® M5+ (1-m)®M; where © represents a component-wise
multiplication. Basically, the components of M, that got masked
(values in m equal to 1) come from M5, while the remaining compo-
nents (values in m equal to 0) come from M7

The iterative process begins from the final time step 7and pro-
ceedsbackwardto 0. For eachtimestep ¢, the structure M,undergoes
the denoising process, giving the distribution of the unconstrained
structure M;_, at time step ¢t —1as p,,_;(M_;|M,). Concurrently, the
diffusion process gives the distribution of the constrained structure
M_jas qo1(M_;|M{). Then, the unconstrained structure M;_; and the
constrained structure M;_, are sampled from their corresponding
probability distributions. The structure M,is updated by combining
the sampled constrained and unconstrained parts using the mask m
similar to the final-time-step case. The process continues iteratively
until theinitial time step isreached, at which point the refined struc-
ture M, is returned. This ensures that the generated material struc-
tures respect the given constraints and exhibit realistic and viable
configurations. Supplementary Information, section 3 provides a
schematic explanation of the denoising process, and described the
integration of constrained and unconstrained components of mate-
rial structures. This approach effectively integrates structural con-
straints into the diffusion model, enabling the generation of novel
material structures that align with the AL structures as the predefined
requirements. The mask m plays a crucial role in ensuring that the
constrained and unconstrained parts are seamlessly combined during
the iterative refinement process.

Algorithm 1. Structural constraintintegrationin material generation
procedure

1. Input: constrained structure M, constraint mask m, diffusion
inference model g, denoising generative model p, number of steps
T, probability prior P;
Sample M} ~ Py, M7 ~ P;
M; «moOM;+(1-—m)OM;
Fort=T,...,1do
Sample M;_; » qo,;(M;_|Mj)
Sample M_; ~ pr,t—l(M;l—ﬂMt)
M, «moOM_+(1-m)oM,._,
Return M,

To demonstrate the algorithm for generating AL materials, we
choose DiffCSP™ as the base model of SCIGEN without applying geo-
metric constraints. In DiffCSP, the structure representationis divided
intothree components M= (L, F, A):thelattice matrix containing three
basis vectors L=[l,l,,5] € R>3, the fractional coordinates
F=[f,.f,,...fy] € [0, 1’ and one-hot representations of atom types
A=laa,,..,ay] € [0, 1", Using these components, the infinite peri-
odic crystal can be described as

BN N

{(apx)|x;=L-(f,+k).Yke > Vie[1..N]} 4)

whichgive all atomic types aand Cartesian coordinates x of every atom
inthe structure. DiffCSP uses normalized Gaussian diffusioninits dif-
fusion inference model g which has standard normal distribution as
probability prior, thatis, P = N°(0,1). Furthermore, the diffusion is
applied independently between components, making it possible to
split the model as g = (¢%, ", ¢*) where the superscripts indicate the

componentsonwhich thediffusionacts. We can write the split diffusion
inference model of DiffCSP as

Grer1(Me M) = qz',wl(’-prl ILy)- qit+1(Fr+1\Fr) : q:t+1(At+1 |Ap). O]

Algorithm 2. Structural constraint integration in material generation
with DiffCSP

1. Input: constrained structure M, = (L§, F;,Ag), constraint mask
m=(m", m", m"), diffusioninference model g = (¢*, ¢*, ¢*), denois-
ing generative model p = (p*, p"?, pF<, p*), number of steps T
. Sample My = (L}, F4,A7) =~ N (0,1), M5 = (L%, F5, A7) ~ N (0,1)
M; = (Ly,Fr,Ay) « mOM; +(1-m)oM;
Fort=T,...,.1do
Sample M;_; = (L_y, Fi_1, A7) % qo s (M_1|MG)
Sample L;_; ~ [,[_1(’-?—1|M[)r A~ p’:,_l(A?—ﬂMt)
L,mol_+1-mH)olL,
A «m QA +(1-m*) O A,
Sample F_1 =~ g4, (FiilFo)
Sample F,_i ~ p,? (F._.|M,)
F_i—m3F_,+1-mHoF, .
Sarhple Fiy ~ pre (Fale 1. F,_1 Acy)

1B.  Fo-moF_+1-mHoF.,

14. ReturnM,=(L,, F,, A,).

VONO G R ON

—
N = O

Because the denoising generative process of DiffCSP only utilizes
the predictor-corrector sampling®® mechanism on the fractional coor-
dinate components, themodel needs tobesplitintop = (p*, pf?, p™, p"),
where the boldface superscriptsindicate the components that the dif-
fusion gives, while the superscripts ‘pred’and ‘corr’indicate predictor
and corrector submodels, respectively. We can write the split denoising
generative model of DiffCSP as

Peca(Ma M) = P (LeaMo) - P2 F, 3 1M)

(6)
Prey FeallensFoys Acy) - Pl (AcalMy).

Thelattice-and atomic-type components get denoised by their respec-

tive model to give L, ; and A, ;, respectively. For the fractional coordi-

nate components, the predictor denoises them to the half-time-step

point F,_,, and the corrector uses F, 1, L, ;and A, to predict F,_,.
2 2

Because of this additional prediction of F,_:, Algorithm 1 needs to be

2
slightly modified to accommodate the constraints that are also
imposed onthe F,_:asshowninalgorithm2.
2

Prescreening procedure to retrieve stable materials structures
After generating materials constrained by AL structures, evaluating
their stability becomes critical. Given the large volume of generated
candidates—oftenin the millions—afastandreliable methodis essential
toidentify viable structures. Toaddress this, weimplement a four-stage
prescreening filter that systematically evaluates materials against a
series of stability criteria, ensuring only the most promising candidates
areadvanced for further analysis.

Stage 1: charge neutrality. Ensuring electrical neutrality is essential
for material stability and practical applications. We applied the SMACT
approach® to evaluate the charge neutrality of generated materials.
This method, inspired by the DiffCSP framework’®, screens out chemi-
callyinfeasible candidates, allowing only neutral and viable structures
to proceed to subsequent evaluation stages.

Stage 2: space occupancy ratio. Generated materials with excessively
dense atomic configurations are often unrealistic in crystalline phases.
Toaddress this, we compare the atomic density of generated structures
to areference dataset (MP-20) and eliminate those with overly high
densities. The space occupancy ratio, R,, is calculated as
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N 4mr}

Zic1 -

R =
oce Vcell

)

where r;is the radius of the ith atom and V.., is the volume of the unit
cell. AsshowninSupplementary Information, section 7, the R, distri-
butioninthe MP-20 dataset remains consistent across different N. We
exclude materials with R, > 1.7, athreshold based on the distribution
of R,..inthe MP-20 dataset.

GNNs for stability evaluation. To rapidly assess the stability of the
remaining material candidates, we utilize GNNs based on the E3NN***!
framework, designed for their efficiency in handling crystallographic
data. We develop two GNN models, serving as stages 3 and 4 in the
stability filer, respectively:

« Stage 3: GNN classifier for energy above hull (high/low). This
model predicts whether a material’s energy above the convex
hull (£,,,,) is below a threshold of 0.1 eV or not, which is indica-
tive of thermodynamic stability. The model is trained using
data from Matbench-discovery*.

- Stage 4: GNN for stable structure distinction. Recognizing the
potential for our model to generate materials that diverge from
known stable structures, this classifier distinguishes between
pristine and diffused structures. Training data includes original
structures from the MP-20 dataset and those with added
Gaussian noise on unit cell matrix L and fractional coordinates
F, simulating potential inaccuracies in atomic positions during
generation. As the training dataset of at this stage, we diffuse L
andFasL' =L+, b, 0)" - MO, a2hand F = w(F + N(0,021)),
respectively. Here, g, regulates the diffusion level and w(-) is a
wrapping function that adjusts the fractional coordinates to fit
within [0, 1). We decide that 1% of diffusion materials (o4 = 0.01)
are stable, but 5% of diffusion materials (o4 = 0.05) are unstable.
This GNN model helps ensure that even stable materials are not
overly distorted or unrealistic.

The two GNN-based classifiers have relatively simple architectures
but present great accuracy. We present the confusion matrices of the
two models in Supplementary Information, section 7. The prediction
accuracy for the test dataset is 0.83 and 0.99, respectively.

Thefour-stage prescreeningfilter provides an efficient screening
tool to evaluate the stability of the generated materials and down-select
potential stable materials. We argue that this stability evaluationis valid
because we observe that the materials gain stability as they go through
the denoising process from the noisy structures (M;) to the pristine
ones (M,). Moreover, more than 50% of prescreened materials after
the four-stage filter survive DFT relaxation, indicating the efficacy of
the prescreening process. The details of the stability evaluation are
shown in Supplementary Information, section 7.

DFT for stability evaluation and structural relaxation

The candidate models are further evaluated with DFT for potential
structural stability. Due to the high cost of DFT calculations, it is nec-
essary to balance accuracy and throughput. In the first stage of DFT
screening, we chose to use a relatively coarse treatment of the elec-
tronic structure to evaluate as many candidates as possible (up to
26,000). Plane-wave DFT calculations are performed using the Vienna
Abinitio Simulation Package (VASP)*’. The calculation used the projec-
tor augmented wave (PAW) method*** to describe the effects of core
electrons and the Perdew-Burke-Ernzerhof (PBE)*¢ implementation of
the generalized gradient approximation for the exchange-correlation
functional. The energy cut-offis 1.2 x max(ENMAX) for the plane-wave
basis of the valence electrons. The electronic structure is calculated
on a I-centred mesh for the unit cell (the grid length density is 5
k-points per nm™). The total energy tolerance for electronic energy

minimizationis107° eV, and the energy criterion for structure optimi-
zation is 107 eV. The maximum number of steps is 60 for electronic
self-consistent calculationand 150 for structural optimization. During
the structural relaxation, the symmetry of the crystal is maintained
while the cell shape/size and all atomic coordinates are allowed to
relax. Non-spin-polarized calculation is used for thisinitial screening.
A small fraction of models failed the electronic structure calculation.
We terminate the calculation of the failure cases, and we regard the cor-
responding candidates as unstable. For candidates with a completed
VASP calculation (either because the energy criterion or the maximum
number of relaxation steps is reached), the following quantities are
extracted/calculated as indicators of potential stability: (1) maximum
interatomic force after relaxation, (2) initial and final total energy, (3)
average changesin lattice constants and (4) average changes inatomic
coordinates. These quantities are then analysed and compared to
identify potentially stable candidates worth further and more rigor-
ousevaluations.

Band structure calculation for Lieb-like lattice materials

The DFT band structure calculations for Lieb-like lattice struc-
tures are performed using VASP. The PAW method and the PBE
exchange-correlation functional are used for all DFT calculations.
Theinitial electronic structure calculations are performed on a k-point
mesh centred at the I'point with resolved value k., = 0.03 x 2t A for
each structure. The band structure is subsequently calculated on a
high-symmetry path generated by the VASPKIT code®.

Datavisualization

We use VESTA*® to visualize the materials structures presented in the
main article. We utilize OVITO* to visualize the materials structures
for the Supplementary Information.

Experimental synthesis of samples

Polycrystalline samples of the ternary compounds TiPdM (M = Biand
Sb) are synthesized viaastandard arc-melting process. Further details
ontheexperimental procedures, including synthesis, characterization,
measurements and discussions for TiPdM, are provided in Supplemen-
tary Information, section 10.

Data availability

We have compiled acomprehensive database of AL materials generated
by SCIGEN. The dataset provides the folders of all generated materials
(10.06 million), the materials that survived after the four-stage pre-
screening process (1.01 million materials) and DF T-relaxed structures
(24,743). The folder with DFT calculation contains materials structures
before and after relaxation. The Supplementary Dataset is available
from figshare via https://doi.org/10.6084/m9.figshare.c.7283062
(ref.50.) Source data are provided with this paper.

Code availability
The source code is available from GitHub via https://github.com/
RyotaroOKabe/SCIGEN.
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