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Scaling has become a defining route to generality in artificial intelligence. The largest advances have
come from scaling computation and experience rather than increasingly handcrafted designs. The
same transition is now emerging in materials science. Here we introduce ELEMENTA, a composition-
complete and prototype-independent first-principles dataset built to provide the physical foundation
for materials-data scaling. A systematically enumerated chemical space spanning unary, binary and
ternary compositions with up to twelve atoms per cell is explored through random structure search
and represented by density-functional-theory relaxation trajectories, yielding approximately 210
million frames with energies, forces and stresses across broad chemical and configurational space.
Selected structures are further expanded in two complementary physical dimensions. ELEMENTA Spin
contains over 4million frames from systematic magnetic-moment scans, and ELEMENTAVib contains
approximately 8million perturbed structures probing local vibrational environments and energy-surface
curvature. Together, these collections provide a large-scale foundation for training atomistic models
and a rigorous benchmark for measuring generalization across composition, structure and physical
state. Evaluations of representative materials foundation models reveal structured failure modes that
are not apparent from aggregate regression metrics alone, including insufficient resolution of subtle
energy differences among competing low-energy structures, limiting reliable ground-state identification,
together with physically interpretable errors in ionic coordination, magnetic ordering and local bonding
environments. ELEMENTA shows that the next stage of materials-data scaling requires not only more
first-principles calculations, but broader sampling and finer resolution of materials space.

Date: July 27, 2026

1 Introduction

Scaling has become the central organizing principle of frontier artificial intelligence. Its first phase operated
through pre-training, where capability improved predictably with model size, data and computation, and
compute-optimal studies established that data must grow alongside model capacity (Kaplan et al., 2020;
Hoffmann et al., 2022). The frontier has since expanded beyond pre-training. Large-scale reinforcement
learning and inference-time search now convert additional train-time and test-time computation into stronger
reasoning and verification (Lightman et al., 2024; Snell et al., 2025; DeepSeek-AI, 2025), while the emerging
generation of agents seeks to acquire new experience through interaction rather than learning only from fixed
human corpora (Wang et al., 2024). Across these developments, progress has come from increasingly general
procedures that turn computation into broader and more informative experience. Materials science provides
an unusually rigorous setting for this transition because such experience can be generated from the physical
interactions that govern matter.

First-principles calculations provide the physical substrate for this form of scaling. Density-functional
theory maps elemental identities and atomic configurations to energies, forces and stresses within a common
quantum-mechanical framework, and can therefore evaluate structures that have neither been synthesized
nor previously proposed (Hohenberg and Kohn, 1964; Kohn and Sham, 1965). Scaling these calculations has
already transformed materials science. The Materials Project, OQMD and Alexandria turned high-throughput
electronic-structure calculations into reusable corpora spanning broad chemical spaces (Jain et al., 2013;
Horton et al., 2025; Kirklin et al., 2015; Schmidt et al., 2023, 2024). MPtrj and related relaxation datasets
subsequently made atomically resolved trajectories available for learning potential-energy surfaces, supporting
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transferable models such as M3GNet, CHGNet, MACE-MP and MatterSim (Deng et al., 2023; Chen and
Ong, 2022; Batatia et al., 2022, 2025; Yang et al., 2024; Kaplan et al., 2025; Kuner et al., 2025). These
models extended learned capabilities from property prediction to structure relaxation, atomistic simulation,
lattice dynamics and thermodynamics (Jacobs et al., 2025; Fu et al., 2025; Póta et al., 2024; Loew et al.,
2025; Yang et al., 2026). GNoME demonstrated learning-guided exploration of millions of candidate crystals,
MatterGen established generative design across the periodic table, and OMat24 scaled open energy–force–stress
supervision beyond one hundred million configurations (Merchant et al., 2023; Zeni et al., 2025; Barroso-Luque
et al., 2026). Taken together, these advances establish first-principles data as a principal determinant of the
capability frontier in materials AI.

The success of this scaling has depended on equally important advances in deciding what to calculate (Jinnouchi
et al., 2020; Schwalbe-Koda et al., 2021; Li et al., 2023). Experimental structures, prototype substitutions,
chemical constraints, stability filters, generative proposals, structural perturbations and active-learning criteria
have all provided effective ways to direct finite computational resources (Jain et al., 2013; Kirklin et al., 2015;
Wang et al., 2021; Mehl et al., 2017; Merchant et al., 2023; Zeni et al., 2025; Chanussot et al., 2021; Tran
et al., 2023; Sriram et al., 2024; Barroso-Luque et al., 2026). These policies have made modern first-principles
datasets possible. They also become part of the resulting data, because the assumptions used to propose
calculations determine which compositions, configurations and physical states are available to learn. As frontier
AI begins to move from fixed corpora towards generated experience, materials science faces a corresponding
question. Can first-principles data generation scale through a more general search process, allowing additional
computation to broaden the observed materials world without requiring a parallel expansion of hand-designed
chemical and structural rules?

We present ELEMENTA, a first-principles dataset constructed to pursue this form of unbiased scaling. Across
its supported elements, ELEMENTA systematically enumerates unary, binary and ternary composition repre-
sentable with no more than twelve atoms per cell and explores each composition through systematic random
structure search followed by density-functional-theory relaxation. The core corpus contains approximately 210
million relaxation frames spanning diverse configurations, pathways and competing local minima. ELEMENTA
Spin adds approximately 4 million frames from systematic magnetic-moment scans of selected structures,
while ELEMENTAVib contributes approximately 8million displaced configurations that probe local vibrational
response and energy-surface curvature. The collection is designed both as a training substrate for atomistic
foundation models and as a benchmark of physical generalization. Evaluations across representative mod-
els reveal structured, physically interpretable failure modes that aggregate regression metrics can conceal,
including insufficient resolution of subtle energy differences among competing local minima required for
reliable ground-state identification, together with biases in ionic coordination, magnetic ordering, crystal
symmetry, and local bonding environments. ELEMENTA tests whether first-principles scaling can deliver both
a broader domain of physical experience and the resolution needed to distinguish the competing states on
which materials discovery depends.

2 Scaling philosophy

The frontier of artificial intelligence has repeatedly advanced by changing where human knowledge enters
the system. Pre-training scaled exposure to data (Kaplan et al., 2020; Hoffmann et al., 2022), inference-time
computation scaled search and verification (Lightman et al., 2024; Snell et al., 2025; DeepSeek-AI, 2025), and
emerging agents increasingly generate experience through interaction (Wang et al., 2024). In each case, human
effort moved away from specifying individual solutions and towards constructing procedures that improve as
computation grows. ELEMENTA applies this principle to first-principles data generation.

Materials data are usually produced only after deciding which compositions and structures appear sufficiently
plausible to calculate (Jain et al., 2013; Kirklin et al., 2015; Merchant et al., 2023; Barroso-Luque et al., 2026).
ELEMENTA instead uses a general search procedure over a chemically broad domain. The same eligibility and
sampling logic are applied across supported elements and across all unary, binary and ternary stoichiometries
with up to twelve atoms per cell. No known crystal prototype is required, and neither common elements nor
familiar composition ratios receive privileged treatment. Human knowledge enters through universal physical
constraints that prevent pathological structures, not through an expanding list of expected material forms.
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Figure 1 Overview of ELEMENTA dataset. a, Distributions of local atomic environments in ELEMENTA and existing
datasets based on Smooth Overlap of Atomic Positions (SOAP) (Bartók et al., 2013). Blue denotes ELEMENTA, and
orange denotes existing datasets. Representative materials are shown; an asterisk (*) denotes materials that are unique
to ELEMENTA. b, Comparison of the numbers of polymorphs and frames in ELEMENTA and various materials datasets.
c, Overlap of formulas and polymorphs between ELEMENTA and databases consisting of MPtrj, Alex, and OMat24.

This changes how computation is converted into data. Additional search can reveal new coordination
environments, structural basins and bonding regimes without requiring new composition-specific rules.
Figure 1a shows the resulting distribution through a projection of local atomic environments and representative
relaxed structures. Known crystals coexist with alternative polymorphs, molecular and extended forms,
low-dimensional motifs, database-unmatched minima and ordered defect-like environments.

ELEMENTA Spin and ELEMENTA Vib extend the same procedure beyond structural search. They expose
magnetic initialization and local displacement as additional coordinates, and allow first-principles calculation
to resolve the states and responses that follow. Scale is therefore expressed as broader physical experience
across composition, configuration and state. The dataset grows by observing more of what atomic interactions
permit, not by continuously enlarging a catalogue of what materials are expected to resemble.

3 GenerationMethod

ELEMENTA adopts an unbiased, or more precisely, low-prior data generation strategy that begins from
systematic composition enumeration and independent structure generation, rather than known crystal
prototypes or database-template substitutions. This design separates the exploration of chemical space from
the historical distribution of known materials, allowing both familiar and rarely studied compositions to be
treated under the same sampling procedure. As illustrated in Figure 2a, the workflow combines random
structure search, MLFF-assisted pre-relaxation, structural deduplication and ranking, DFT refinement, and
extensions to spin and vibrational degrees of freedom.

3.1 Composition enumeration

At the compositional level, ELEMENTA systematically enumerates unary, binary, ternary, and selected higher-
order formula spaces across the periodic table covering 84 elements, using only element combinations and
reduced-stoichiometry size constraints. The binary and ternary subsets are defined as follows.
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Figure 2 Generation workflow and representative chemical spaces in ELEMENTA. a, Schematic of the ELEMENTA
data-generation pipeline. b,c, Representative binary In–Se and ternary Li–Co–O chemical spaces sampled by ELEMENTA.
Stable entries are shown in black, while metastable entries are colored by energy above hull Ehull. Representative
relaxed structures illustrate stable and metastable polymorphs covered in these chemical systems.

Binary compounds define the pairwise elemental interaction space. They are constructed from reduced
stoichiometries of the form AxBy, subject to

1 ≤ x, y, x+ y ≤ 8, gcd(x, y) = 1.

This enumeration gives 3,486 unique binary element combinations and 73,206 reduced formulas.

Ternary compounds form the largest part of the compact search space. They are constructed from reduced
stoichiometries of the form AxByCz, subject to

1 ≤ x, y, z, x+ y + z ≤ 6, gcd(x, y, z) = 1.

This enumeration yields approximately 95,284 unique ternary element combinations and more than 1.8 million
reduced stoichiometries. This ternary subset is central to the dataset, extending beyond pairwise chemistry to
capture multi-element coordination, competing bonding motifs, and the broader compositional complexity
characteristic of realistic materials.

Beyond the compact ternary search space, ELEMENTA further includes representative ternary and quaternary
systems with reduced formula sizes extending to x+ y + z + w ≤ 20. These additions improve coverage of
realistic materials families that cannot be adequately represented within the compact x+ y + z ≤ 6 space
alone. The resulting structures contain up to 40 atoms per simulation cell, enabling greater compositional
and structural complexity.

3.2 RandomStructure Generation andMLFF Pre-relaxation

For each enumerated composition, ELEMENTA generates candidate crystal structures using random structure
search (RSS) (Pickard and Needs, 2011). A total of 100 initial structures are sampled for each fixed composition
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without using predefined crystal prototypes or database-template substitutions. The initial cell volume is
estimated as the sum of the elemental reference volumes weighted by stoichiometry. To balance structural
diversity and physical plausibility, both low-symmetry and moderately symmetric cells are sampled by allowing
one to four symmetry operations. During random packing, the lattice shape is allowed to adapt to the
atomic-size constraints and is reduced to a compact representation. Species-dependent minimum interatomic
distances are imposed to prevent unphysically short contacts, and candidate structures retaining excessive
atomic overlap are rejected.

The generated structures are pre-relaxed using a machine-learning force field (MLFF), MatterSim-v1-5M, (Yang
et al., 2024). A small hydrostatic external pressure is applied to suppress unphysically low-density structures.
After optimization, candidate structures are ranked by their predicted energies and filtered using structural
deduplication to remove equivalent and near-duplicate configurations. The five lowest-energy unique structures
are then selected for first-principles refinement. This step substantially reduces the cost of large-scale DFT
calculations while preserving chemically and structurally diverse candidates.

3.3 DFT Relaxation

The selected structures are refined using density functional theory (DFT) calculations performed with the
Vienna ab initio Simulation Package (VASP) (Kresse and Furthmüller, 1996). The workflow follows the
Materials Project relaxation protocol and is implemented through the MPRelaxSet class in pymatgen (Jain
et al., 2013; Ong et al., 2013), ensuring consistent calculation settings across the dataset. Exchange-correlation
effects are treated using the Perdew–Burke–Ernzerhof (PBE) functional within the generalized gradient
approximation, together with projector augmented-wave (PAW) pseudopotentials (Perdew et al., 1996; Blöchl,
1994; Kresse and Joubert, 1999). For transition-metal oxides and fluorides, Hubbard U corrections are applied
following the standard Materials Project scheme (Wang et al., 2006). Initial magnetic moments are assigned
using element-dependent initialization strategies derived from the Materials Project workflow. Structural
relaxations are performed using consistent electronic and ionic convergence criteria. Calculations that fail to
converge or exhibit numerical instabilities are removed through automated quality-control procedures.

The resulting first-principles calculations provide total energies, atomic forces, stress tensors, and site-resolved
magnetic moments as training targets. For each composition, ELEMENTA does not retain only a single relaxed
structure. Instead, multiple low-energy candidates selected from RSS are refined by DFT, yielding distinct
local minima that can differ in coordination environment, bonding motif, lattice geometry, and magnetic state
despite sharing the same chemical composition.

For each DFT refinement, ELEMENTA also retains the relaxation trajectory, including intermediate config-
urations sampled along the optimization path toward local equilibrium. These trajectory frames provide
off-equilibrium geometries with physically consistent energy, force, and stress labels. As a result, the dataset
represents both the relaxed local minima and the nearby regions of the potential energy surface explored
during relaxation, providing richer training signal than a collection of static ground-state structures alone.

Following this workflow, ELEMENTA covers approximately 1.9 million reduced formulas, yields over 9.7 million
distinct DFT-relaxed polymorphic structures, and contains approximately 210 million DFT-labeled frames
(Figure 1c). About 0.5 million structures overlap with historical materials databases, spanning known inorganic
oxides, sulfides, intermetallic compounds, alloys, organic chain-like structures, and small-molecule crystals.
These known structures are not introduced through database templates, crystal prototypes, or hand-crafted
rules, but are rediscovered through the low-prior search procedure. The remaining approximately 9.3 million
polymorphs correspond to new chemical compositions or new atomic configurations, including local minima,
coordination motifs, and bonding environments that are not recorded in existing databases. These structures
expand the dataset beyond known materials and provide a direct testbed for evaluating generalization across
unexplored chemical and structural space. Representative phase diagrams and diverse structures for the
binary In–Se and ternary Li–Co–O systems constructed from ELEMENTA are shown in Figure 2b,c.

5



4 Statistics of ELEMENTA

ELEMENTA contains broad distributions of relaxed crystal symmetries, numbers of atoms in the primitive
cell, and polymorphic energy landscapes. Figure 3a shows the distribution of relaxed structures by crystal
system and space group. The dataset spans a broad range of crystal symmetries, with triclinic, monoclinic,
and orthorhombic systems representing the largest fractions. This trend is expected because the MLFF
pre-relaxation and DFT relaxation are performed without enforcing symmetry constraints, allowing structures
to lower their symmetry during optimization. Nevertheless, higher-symmetry systems, including tetragonal,
trigonal, hexagonal, and cubic structures, are recovered, indicating that the search procedure can rediscover
ordered symmetric minima when they remain energetically favorable after relaxation.

The primitive-cell size distribution is shown in Figure 3b. The structures span a range of primitive-cell
sizes, with prominent populations at 6, 8, 10, and 12 atoms per primitive cell. This distribution follows
from the enumerated stoichiometric constraints and subsequent symmetry reduction after relaxation. The
resulting dataset therefore spans both small and relatively large primitive cells, increasing the diversity of
local coordination environments and medium-range structural motifs available for model training.

Figure 3 Structural statistics and polymorphic energy diversity in ELEMENTA. a, Distribution of relaxed structures
by crystal system and space group, identified using a symmetry tolerance of symprec = 0.5. The inner ring shows
the fraction of structures in each crystal system, and the outer ring shows the corresponding distribution over space
groups. b, Distribution of the number of atoms in the primitive cell for relaxed structures, using the same symmetry
tolerance. c, Element-resolved energy scale for polymorph ranking. For each formula, the five retained local minima
are sorted by energy, and the mean adjacent energy gap is calculated from the four consecutive energy differences.
Colors and numbers show the average of this quantity for formulas containing each element, indicating the energy
resolution required to distinguish their relative stability. Grey tiles denote elements for which statistics are unavailable.

ELEMENTA further reveals an element-dependent energy scale for distinguishing competing polymorphs.
Figure 3c reports, for each element, the average adjacent energy gap between the five retained local minima
after energy sorting, averaged over formulas containing that element. This quantity characterizes the energy
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resolution required to correctly rank polymorphs by stability. Larger gaps, as observed for formulas containing
C, W, Re, Gd, Np, and Pu, indicate more clearly separated local minima whose relative stability can be
distinguished with a comparatively moderate energy accuracy. Conversely, smaller gaps correspond to closely
competing polymorphs and therefore impose a more stringent accuracy requirement on machine-learning
interatomic potentials: prediction errors comparable to these gaps may alter the energetic ordering and lead
to an incorrect stability ranking. The element-dependent variation of this energy scale thus provides a direct
measure of the precision required from a force field for reliable polymorph ranking across different chemical
systems.

To further resolve these polymorphic energy landscapes, Figure 4a–d shows the distributions of relative
energies among retained local minima. For each composition, the lowest-energy structure among the retained
DFT-relaxed candidates is used as the reference (∆E = 0). Throughout this work, we refer to this structure as
the DFT ground state for convenience, although it represents the lowest-energy structure identified within the
present search rather than a guaranteed global minimum. To focus on the energy distribution of metastable
polymorphs, the reference structure (∆E = 0) is excluded, and only the remaining retained local minima
are included. Across the full dataset, most retained minima lie within a low-energy window, while a long
tail extends to higher relative energies. The representative material classes show related but distinct energy
statistics. Binary alloys exhibit a steep, nearly monotonic decline in density with increasing ∆E, indicating
that retained polymorphs are predominantly concentrated near the ground state. In contrast, transition-metal
oxides display the most broadly distributed energy landscape, with substantial populations extending across
the sampled energy range and a pronounced intermediate-energy shoulder, reflecting competing coordination
and oxidation-state arrangements. Chlorides show an intermediate behavior, with a more gradual decay than
binary alloys but a less uniform distribution than transition-metal oxides. These class-dependent distributions
show that ELEMENTA samples not only the most stable structure for each formula, but also diverse metastable
configurations that remain relevant for finite-temperature behavior and synthesis pathways (Sun et al., 2016).

Representative examples are shown in Figure 4e–h. For Bi2Te3, CaMnNi2, SrTiO3, and CsPbCl3, the
retained structures include distinct local minima with different coordination motifs, lattice geometries, and
dimensionalities. These examples illustrate the role of polymorphism in ELEMENTA: a single chemical formula
can correspond to multiple physically plausible atomic arrangements separated by finite energy gaps. By
retaining this multiplicity, the dataset provides atomistic models with a richer view of the potential energy
surface than would be obtained from ground-state structures alone.

5 Magnetism and Vibrations

In the base ELEMENTA dataset, each polymorph is initialized with a ferromagnetic (FM) spin configuration
when magnetic moments are present. Although this provides a consistent default setting, a single FM
initialization cannot sample the full magnetic energy landscape (Sanspeur and Kitchin, 2024; Xu et al., 2025).
To construct ELEMENTA Spin, we selected approximately 50 thousand magnetic materials from ELEMENTA,
focusing primarily on systems containing 3d, 4d, 4f , and 5f elements, where at least one atom carries a
non-zero initial magnetic moment. Starting from the corresponding ELEMENTA structures, we generated up
to ten collinear magnetic initializations for each material using a targeted random sampling strategy. Relative
to the reference FM configuration, the sampling favored configurations in which one or more local magnetic
moments are reversed, thereby efficiently covering antiferromagnetic (AFM), ferrimagnetic (FiM), and other
collinear spin arrangements with a limited number of initializations. First-principles calculations are then used
to resolve the self-consistent magnetic states, their relative energies, and the associated relaxation trajectories,
yielding over 4 million trajectory frames in ELEMENTA Spin.

Figure 5a and b summarize the magnetic statistics collected in ELEMENTA Spin. As shown in Figure 5a,
the site-resolved magnetic moments of Cr, Mn, and Fe span a broad range from nearly zero to about 5µB,
with pronounced multimodal distributions. These features indicate that the same magnetic element can
adopt multiple local-moment states depending on its chemical environment, oxidation state, and magnetic
initialization. Figure 5b further compares the relative energies of sampled magnetic configurations for
SrCr2As2, LiMnAs, and AlFe2S3. The sampled AFM, FiM, and FM configurations converge to distinct
self-consistent states with energy separations ranging from tens to hundreds of meV/atom. In these examples,
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Figure 4 Polymorphic energy landscapes sampled by ELEMENTA. a–d, Energy statistics of retained local minima for all
compositions, binary alloys, transition-metal oxides, and chlorides, respectively. For each formula, the lowest-energy
structure defines the reference ∆E = 0, and only the remaining local minima, measured relative to this reference, are
included to characterize the metastable energy landscape. Histograms show the empirical density of relative energies,
and curves indicate smoothed density estimates. e–h, Representative local minima for selected formulas, including
Bi2Te3, CaMnNi2, SrTiO3, and CsPbCl3. Structures are arranged along the vertical energy axis according to their
relative energies, illustrating that ELEMENTA retains multiple distinct polymorphs for the same formula across layered,
alloy, oxide, and halide systems.

the lowest-energy states are not necessarily obtained from the default FM initialization, highlighting the
importance of explicitly sampling competing magnetic orderings.

These statistics highlight the intrinsic multiplicity of magnetic states in crystalline materials. The default
FM configuration is insufficient to describe this behavior, because the same crystal structure may support
multiple magnetic arrangements with distinct local moments and energies. By providing DFT-resolved energies
and local magnetic moments for multiple spin configurations, ELEMENTA Spin establishes a foundation for
quantitatively describing the coupling among magnetic order, crystal structure, and chemical environment.
In particular, the relative energies of competing magnetic configurations encode information about effective
exchange interactions and can be mapped onto spin Hamiltonians (Xiang et al., 2013), such as

H = −
∑
i<j

Jij Si · Sj ,

to extract exchange parameters Jij . These parameters provide microscopic inputs for Monte Carlo and
related statistical-mechanical simulations of magnetic transition temperatures and finite-temperature behavior.
ELEMENTA Spin therefore supports a description of magnetic interactions beyond the single-state picture
commonly provided by previous materials datasets (Deng et al., 2023; Barroso-Luque et al., 2026; Schmidt
et al., 2024).

Beyond magnetic degrees of freedom, another important aspect is the lattice response to small atomic
displacements (Liao et al., 2024a; Deng et al., 2025). Static equilibrium structures alone often do not
fully characterize the local potential energy surface. Although a structure may converge to a DFT-relaxed
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Figure 5 Statistics of ELEMENTA Spin and ELEMENTA Vib. a, Distributions of site-resolved magnetic moments (|m|) for
Cr, Mn, and Fe in ELEMENTA Spin. b, Relative energies ∆E of sampled magnetic configurations for representative
compounds SrCr2As2, LiMnAs, and AlFe2S3. The configurations include antiferromagnetic (AFM), ferrimagnetic
(FiM), ferromagnetic (FM), and non-magnetic (NM) states. Representative crystal structures and labeled local
magnetic moments are shown below the energy diagrams. c, Element-resolved force statistics in ELEMENTAVib after
local atomic perturbations. Each periodic-table tile is colored by the mean force magnitude |F | on atoms of that
element in the perturbed structures, with grey tiles indicating elements without available statistics.
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minimum, this does not guarantee dynamical stability under small perturbations. Two polymorphs with similar
relaxed energies may exhibit markedly different responses to atomic displacements: one may remain locally
stable, whereas another may undergo spontaneous symmetry breaking and relax toward a lower-symmetry
configuration. Such lattice instabilities are common in crystalline materials, for example the oxygen-octahedral
rotations frequently observed in perovskites. To capture this missing information, ELEMENTAVib systematically
samples the local potential energy surface around relaxed crystal structures through controlled atomic and
lattice perturbations.

Starting from ELEMENTA, we randomly selected structures spanning approximately 550 thousand distinct
polymorphs to ensure broad chemical and structural coverage. Structures containing fewer than 20 atoms
are first expanded into compact supercells containing at least 20 atoms. For each selected polymorph, the
equilibrium volume is isotropically scaled to V/V0 = 0.95, 1.00, and 1.05. At each volume, five perturbed
configurations are generated by applying random atomic displacements with amplitudes ranging from 0.005 to
0.03 . All generated configurations are evaluated using DFT single-point calculations to obtain total energies,
atomic forces, and stress tensors, resulting in more than 8 million labeled configurations. These controlled
near-equilibrium samples provide direct supervision of the energetic, force, and stress responses to lattice and
atomic distortions, enabling foundation models to learn the local curvature of the potential energy surface
beyond equilibrium structures alone.

The element-resolved force statistics reveal systematic differences in the local restoring forces sampled by
ELEMENTAVib, as shown in Figure 5c. Within the harmonic approximation (Togo and Tanaka, 2015), the
restoring force acting on atom i can be expressed as

Fi ≈ −
∑
j

Hijuj ,

where Hij is the corresponding block of the Hessian matrix (equivalently, the second-order interatomic
force-constant matrix), and uj is the displacement of atom j from its equilibrium position. Because the
displacement amplitudes are sampled from the same narrow range across all structures, larger mean force
magnitudes generally correspond to stiffer local environments, whereas smaller forces indicate softer bonding
environments. Light non-metal elements, particularly C, N, O, S, and Se, exhibit relatively large mean force
magnitudes, while alkali and alkaline-earth elements generally show weaker restoring responses. Transition-
metal, post-transition-metal, and rare-earth elements span a broad intermediate range. These statistics
characterize the average local stiffness sampled across different chemical and coordination environments.
Overall, ELEMENTA Vib captures diverse near-equilibrium force responses across chemical space, substantially
enriching the representation of local potential energy surfaces.

6 Benchmark on ELEMENTA

Consistent with the low-prior scaling strategy introduced above, most structures in ELEMENTA were not
intentionally sampled from known materials, model-specific training distributions, or predefined failure cases.
Instead, a composition-complete, prototype-independent search strategy was applied uniformly across chemical
space, allowing additional computation to broaden the diversity of sampled physical environments rather than
reinforce existing human-curated or model-specific distributions. This model-agnostic construction reduces
benchmark selection bias and provides a fair basis for comparing atomistic foundation models. The resulting
diversity of compositions, crystal structures, and local minima further enables systematic evaluation of model
generalization across both chemical and configurational spaces.

Seven representative model checkpoints are evaluated: M3GNet (Chen and Ong, 2022), CHGNet (Deng et al.,
2023), MACE-MP-0 (Batatia et al., 2025), MatterSim-v1-5M (Yang et al., 2024), NequIP-OAM-XL (Batzner
et al., 2022), EquFlash-v2 (Lee et al., 2025), and Equiformer-v3 (Liao et al., 2024b, 2026). These models span
successive stages in the expansion of first-principles training data, from MPF.2021 (188K structures) (Chen
and Ong, 2022), through MPtrj (1.58M structures) (Deng et al., 2023), to the combined OMat24, MPtrj,
and sAlex datasets (113M structures) (Barroso-Luque et al., 2026; Deng et al., 2023; Schmidt et al., 2024).
This progression enables systematic evaluation of how increasing data scale, diversity, and physical coverage
influence model accuracy and generalization.
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Figure 6 Benchmarking atomistic foundation models on local energy landscapes in ELEMENTA. a, Absolute energy
prediction errors of seven representative atomistic foundation models (M3GNet, CHGNet, MACE-MP-0, MatterSim-v1-
5M, NequIP-OAM-XL, Equflash-v2, and Equiformer-v3) evaluated on the ELEMENTA benchmark. Filled circles denote
the mean absolute error (MAE), while percentages indicate the fraction of predictions with an absolute error exceeding
25 meV/atom (300 K).Label colors indicate training-data regimes: grey, MPF.2021; muted teal, MPtrj-based datasets;
steel blue, MatterSim; and deep navy, OMat24+sAlex+MPtrj. b, Ground-state identification failure rates. For each
composition containing multiple DFT-relaxed local minima, a prediction is considered incorrect if the model fails to
identify the DFT ground state as the lowest-energy structure. c, Exact-ranking failure rates. A prediction is counted
as failed when the complete ordering of the retained local minima does not exactly match the DFT reference ordering.

Figure 6 benchmarks atomistic foundation models from three complementary perspectives: absolute energy
prediction, ground-state identification, and exact local-minima ranking. As shown in Figure 6a, models trained
on MPF.2021 or MPtrj-based datasets, including M3GNet, CHGNet, and MACE-MP-0, exhibit relatively
large prediction errors, with MAEs exceeding 60meV/atom and more than 60% of predictions lying beyond
the room-temperature thermal energy scale (kBT ≈ 25meV). Prediction accuracy improves consistently with
increasing training-data scale and diversity, with models trained on the combined OMat24, MPtrj, and sAlex
datasets achieving the best overall performance. Equiformer-v3 attains the lowest MAE of 12.7meV/atom.
Nevertheless, its error distribution remains distinctly long-tailed, with 10.0% of predictions still exceeding
25 meV.

Beyond absolute energy prediction, the multiple DFT-relaxed local minima associated with each composition
in ELEMENTA enable direct evaluation of relative stability through ground-state identification (Figure 6b)
and exact local-minima ranking (Figure 6c). These stability-oriented benchmark tasks are largely absent
from existing atomistic benchmarks. As shown in Figure 6b, models trained on MPF.2021 or MPtrj-based
datasets fail to identify the DFT ground state in five candidates for more than 40% of compositions. The
failure rate decreases consistently with increasing training-data scale and diversity, indicating that larger and
more diverse first-principles datasets substantially improve a model’s ability to distinguish the lowest-energy
structure among competing local minima. Nevertheless, the best-performing model, Equiformer-v3, still fails
to identify the DFT ground state for 14.7% of compositions.

A more stringent evaluation is provided by exact local-minima ranking (Figure 6c), which requires recovering
the complete energetic ordering of all competing local minima rather than simply identifying the ground
state. For M3GNet, CHGNet, MACE-MP-0, and MatterSim-v1-5M, the ranking failure rate exceeds 80%,
highlighting the difficulty of resolving the full stability hierarchy. Although the same trend of improvement
is retained, the top-performing model, Equiformer-v3, still fails to reproduce the exact DFT ranking for
46.7% of compositions. This progressive increase in task difficulty demonstrates that improvements in global
energy prediction do not directly translate into sufficient energetic resolution to recover the complete stability
hierarchy. Exact local-minima ranking requires models to reliably resolve subtle energy differences among
competing metastable structures, a capability that becomes increasingly important beyond static 0 K energy
ordering, where thermal fluctuations render multiple local minima thermally accessible. Consequently, practical
prediction of materials stability requires atomistic foundation models to achieve not only low average energy
errors but also sufficient energetic resolution to faithfully reconstruct the underlying local energy landscape.
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Exact local-minima ranking therefore provides a substantially more stringent assessment of this capability
than conventional energy regression.

7 FailureModes of Atomistic FoundationModels

Figure 7 Inhomogeneous composition-dependent errors of Equiformer-v3 on the ELEMENTA benchmark. Ternary maps
of composition-resolved energy prediction errors for representative chemical systems. Panels a-c, d-f, and g-i show
systems with low, intermediate, and high overall errors, respectively. Colors indicate the absolute prediction error,
and the corresponding MAE is reported below each map. The pronounced variations within individual ternary spaces
reveal strongly inhomogeneous model accuracy across compositions.

Prediction errors are distributed unevenly across chemical space. Taking Equiformer-v3 as a representative
example, Figure 7 shows substantial differences in prediction accuracy across ternary chemical systems and
among compositions within the same ternary space. Some compositions exhibit relatively low errors, whereas
others show markedly larger deviations, indicating a dependence of model accuracy on chemical composition.
These heterogeneous error patterns motivate a closer examination of the conditions under which current
atomistic foundation models exhibit reduced accuracy. We further examined representative cases in which the
model incorrectly identifies the ground-state structure. Importantly, these are not merely near-degenerate
ambiguities: the model-selected structures often lie tens to hundreds of meV/atom above the DFT ground
state, with some penalties approaching or exceeding 1 eV/atom. This indicates that the observed failures
correspond to substantial errors in ground-state ranking and relative stability, rather than small uncertainties
among nearly equivalent structures.

As shown in Figure 8, failures in identifying the DFT ground state arise from multiple physically distinct
mechanisms rather than a single universal error mode. One common failure mode is the preference for structures
containing weakly coordinated or more isolated alkali atoms, suggesting that the model systematically over-
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Figure 8 Representative failure modes in model ground-state selection. Open circles denote the DFT ground state
among the five candidate structures, whereas filled circles denote the structure identified as the ground state by the
model. The horizontal axis reports the DFT energy above the true ground state, corresponding to the DFT energy
penalty of the model-selected structure. Colors and annotations indicate either the defining structural descriptor (a–d)
or the diagnostic quantity (e,f) associated with each failure mode: (a) maximum alkali nearest-neighbor distance,
revealing a tendency to favor structures with more isolated alkali ions; (b) magnetic ordering, showing discrepancies
between the DFT and model-preferred magnetic states; (c) crystal system, illustrating symmetry changes between the
DFT and model-selected structures; (d) number of selected bond contacts, highlighting differences in local bonding
environments; (e) model-predicted stress (Frobenius norm); and (f) model-predicted maximum atomic force. (g–n)
Representative structural examples corresponding to several of these failure modes. Compared with the DFT ground
states, the model-selected structures exhibit more isolated alkali arrangements, altered local coordination environments,
or different crystallographic motifs.
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stabilizes under-constrained ionic environments. In magnetic materials, the model frequently favors FM
configurations while DFT predicts AFM or FiM ground states, indicating an inaccurate description of the
relative stability of competing spin orderings. Additional failures are associated with symmetry lowering and
changes in local bonding environments. In these cases, the model incorrectly ranks lower-symmetry structures
or structures with modified coordination motifs below the DFT ground state, implying systematic biases
in its representation of local chemical interactions. For example, the model-selected structures may contain
substantially more S–W contacts or substantially fewer O–W and C–W contacts than the corresponding DFT
ground states, demonstrating that relatively small changes in specific bonding motifs can produce qualitatively
different stability rankings.

Mechanical diagnostics provide further evidence that the learned potential-energy landscape differs system-
atically from that obtained by DFT. Although all structures shown are fully relaxed DFT local minima
with negligible residual forces and stresses, the model predicts substantially larger mechanical responses for
many of them. As shown in Figure 8e, several model-selected structures exhibit model-predicted stresses
approaching 19 GPa despite corresponding to relaxed DFT configurations. Conversely, Figure 8f shows that
the model predicts residual forces of approximately 0.5 eV/Å for several DFT ground-state structures, whereas
its own preferred structures typically exhibit much smaller model-predicted forces, generally below 0.2 eV/Å.
These observations indicate that DFT stationary points are not necessarily stationary points on the learned
potential-energy surface, implying a systematic displacement between the learned and DFT energy landscapes.

Collectively, these analyses demonstrate that failures in ground-state identification originate from multiple
coupled physical factors rather than a single dominant source of error. Misrepresentations of ionic coordination,
magnetic interactions, crystal symmetry, local bonding, and mechanical equilibrium collectively distort the
relative stability of competing structures, ultimately leading to incorrect energetic rankings despite relatively
small absolute energy errors. These observations also explain why excellent aggregate regression metrics do not
necessarily translate into reliable ground-state identification. More broadly, they motivate evaluating atomistic
foundation models not only by prediction accuracy but also by their ability to faithfully preserve the topology
of the underlying potential-energy landscape and the energetic ordering of competing metastable structures.
Such physically informed evaluation provides a complementary perspective to conventional regression metrics
and may better guide the development of next-generation foundation models for crystal structure prediction
and materials discovery.

8 Limitations and Future Directions

ELEMENTA achieves broad coverage of local atomic environments by sampling across elements, stoichiometries,
structural basins, magnetic states and local perturbations. Within its domain of unary, binary and ternary
systems containing no more than twelve atoms per cell, it captures a wide range of coordination motifs,
bonding regimes and short-range interactions that constitute much of the local vocabulary of inorganic
matter. Its present scope remains less complete at longer length scales. Long-period polymorphs, dilute
defects, extended stacking disorder, amorphous phases, surfaces and interfaces generally require larger cells
and different boundary conditions. Long-range electrostatics, dispersion, collective magnetic order and
long-wavelength lattice modes are also only partially represented. The dataset further inherits the finite
search budget and the approximations of its first-principles protocol, which are most consequential for strongly
correlated systems, unusual oxidation states and closely competing phases.

The computational investment required to construct ELEMENTA is already sufficiently large that another
order-of-magnitude increase through brute-force first-principles calculation alone would be difficult to sustain.
Future progress will therefore depend on new methods for scaling data generation, not only additional
hardware. Promising directions include adaptive search that allocates computation according to newly
discovered environments and model failure modes, multi-fidelity workflows that combine broad inexpensive
exploration with selective high-accuracy calculations, and generative or active-learning procedures that
increase physical coverage with less redundant sampling. These methods should extend ELEMENTA from
broad local coverage towards larger cells, higher-order compositions and collective phenomena while improving
the resolution of polymorph ordering, magnetic competition and chemically difficult regimes. The relevant
measure of future scale is therefore not frame count alone, but the amount of new physical information
obtained per first-principles calculation.
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Data Availability

The first public release comprises nearly 39 million DFT-labeled frames from the core ELEMENTA dataset
together with the complete 4.7 million-frame ELEMENTA Spin dataset. The core release covers the complete
unary and binary chemical spaces across the periodic table, together with ternary compositions whose
reduced-formula stoichiometric coefficients sum to no more than four. Although this represents a subset of
the full 210-million-frame corpus, it is defined by explicit compositional and structural boundaries rather
than random subsampling, thereby preserving complete and continuous coverage within the released chemical
domain. To our knowledge, ELEMENTA is the first low-prior atomistic dataset to openly provide chemically
complete coverage at this scale within clearly defined boundaries. The accompanying ELEMENTA Spin dataset
further provides large-scale magnetic initializations together with DFT-resolved magnetic energy landscapes.

The released datasets establish a common benchmark domain for the development and evaluation of atomistic
foundation models. Their continuous chemical-space coverage enables reproducible construction of training,
validation, and test sets while facilitating fair comparison across different models. Beyond conventional
energy and force prediction, they support studies of out-of-composition generalization, polymorph recovery,
ground-state identification, exact local-minima ranking, crystal structure generation, and magnetic-state
prediction, while enabling systematic analysis of the chemical compositions and structural environments
in which current models fail. The datasets are publicly available at https://huggingface.co/datasets/
kairosmaterial/ELEMENTA.

Code Availability

Code for dataset generation, data processing, and benchmark evaluation is publicly available at https:
//github.com/kairosmaterial/ELEMENTA. The repository includes reproducible pipelines, benchmark
scripts, VASP input templates, and complete pseudopotential-selection metadata.
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