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Scaling remains a central driver of progress in foundation models, enabling AI systems to acquire
increasingly broad and general capabilities. In materials science, atomistic foundation models turn
large-scale first-principles data into transferable models of matter across broad chemical, structural
and thermodynamic spaces. Scaling so far, however, has mostly enlarged the experience available to
models whose inputs remain atomic species and geometry. Such models still inherit strong priors
from the materials used to train them, have limited resolution over closely competing regions of the
potential-energy landscape, and leave important physical degrees of freedom such as spin outside the
representation. These limits affect more than numerical accuracy. They determine which material
states and physical phenomena a model can distinguish at all. Here we introduce Prophet, a scalable
atomistic foundation model spanning composition, configuration and spin. Prophet uses a spectrally
decomposed equivariant graph neural network to resolve atomic interactions across multiple spatial
scales, while Prophet-Spin introduces magnetic moments explicitly and uses seed denoising to recover
self-consistent magnetic states. The Prophet family is trained on more than 300 million first-principles
configurations, centered on the composition-complete, prototype-independent ELEMENTA corpus and
its Vib and Spin extensions, together with other public datasets. This combines broad and low-prior
sampling of chemical space with dense information on local energy landscapes and competing magnetic
states. On nearly two million broadly sampled polymorphs spanning 84 elements, Prophet reduces
energy error by 56.6% relative to the strongest evaluated baseline and more reliably resolves competing
structures. Prophet achieves the highest Combined Performance Score on Matbench Discovery and the
lowest lattice-thermal-conductivity error, with a symmetric relative mean error about 30% below the
strongest baseline. Explicit spin opens a qualitatively new regime. Prophet-Spin can distinguish and
search magnetic states that are inaccessible to structure-only models, while reducing energy error on
188 unseen magnetic materials from 63–72 to 19.2 meV/atom with DFT-converged magnetic moments
(30.7 meV/atom from spin-denoised magnetic moments). Without system-specific fine-tuning, it
searches magnetic orderings and reproduces phenomena including the antiferromagnetic ground state
of LiMnAs, the Curie transition of bcc Fe and the pressure-induced b.c.c.–h.c.p. transition of iron.
Together, these results point to a broader direction for atomistic foundation models in which scale is
expressed not only through more data, but through broader physical coverage, finer configurational
resolution and additional physical degrees of freedom.

1 Introduction

Scaling data, computation and model capacity has transformed the capabilities of artificial intelligence.
Large-scale pre-training has established foundation models that transfer across tasks, while reinforcement
learning and inference-time search have created further ways to convert scale into capability (Kaplan et al.,
2020; Hoffmann et al., 2022; OpenAI, 2024; Snell et al., 2025; DeepSeek-AI, 2025). Materials science provides
a physical setting for the same idea. First-principles calculations generate transferable supervision from the
interactions that govern matter, including for materials that have never been synthesized. Successive advances
in datasets and equivariant architectures have therefore enabled atomistic foundation models to describe
broad regions of chemical and structural space, providing a common basis for predicting stability, dynamics
and thermodynamic response across many material systems (Chen and Ong, 2022; Batatia et al., 2022; Deng
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et al., 2023; Merchant et al., 2023; Yang et al., 2024; Schmidt et al., 2024; Batatia et al., 2025; Yang et al.,
2026; Liao et al., 2024, 2026; Batzner et al., 2022; Lee et al., 2025).

The next limitation is no longer coverage alone. Existing datasets still reflect strong priors from known
structures, prototype substitutions and stability filters, so increasing data volume can reinforce familiar regions
of materials space rather than reveal new ones (Jain et al., 2013; Kirklin et al., 2015; Wang et al., 2021;
Schmidt et al., 2022; Deng et al., 2023; Merchant et al., 2023; Horton et al., 2025; Barroso-Luque et al., 2026;
Cavignac et al., 2026). Even where compositions are sampled, models must resolve small energy differences
between competing structures and accurately reproduce the local shape of the potential-energy surface that
controls vibrations and thermal transport (Togo and Tanaka, 2015; Deng et al., 2025; Póta et al., 2024, 2026).
Low average energy errors do not guarantee either capability. A more fundamental boundary arises from
degrees of freedom that are absent from the model itself. Previous pioneering atomistic foundation models
describe energy as a function of atomic species and geometry. However, these variables do not uniquely specify
the physical state. The same atomic configuration can support different local magnetic moments and spin
orderings, with distinct energies, forces and thermodynamic behaviour. Spin is therefore not merely another
property to predict, but an additional degree of freedom over which the energy landscape is defined (Xu et al.,
2025; Ho et al., 2026; Yu et al., 2024b,a). No increase in geometric resolution can recover distinctions along a
coordinate that the model does not represent. CHGNet provided an important early step toward incorporating
electronic degrees of freedom, using site-resolved magnetic moments to enrich atomistic representations and
infer charge states (Deng et al., 2023). Its energy model, however, remains structure-conditioned rather
than explicitly conditioned on an independently specified spin configuration. A more complete description of
magnetic materials requires the model to treat spin as an explicit variable, so that different magnetic states of
the same structure can be evaluated, searched and evolved directly.

Here we introduce Prophet, a family of atomistic foundation models spanning composition, configuration
and spin (Fig. 1a). The base model uses a spectrally decomposed equivariant graph neural network that
represents atomic interactions over nested radial ranges and combines scale-specific features linearly. This
gives short-range interactions finer spatial resolution while retaining longer-range context within the model
cutoff, with forces and stresses derived from the same smooth and conservative energy. Prophet-Spin adds
magnetic moments as explicit inputs and uses seed denoising to infer self-consistent magnetic moments
from inexpensive initial guesses. An explicit exchange readout provides environment-dependent magnetic
interactions, and at fixed geometry and magnetic moment magnitudes the model reduces exactly to a classical
Heisenberg Hamiltonian. Magnetic-state search and large-scale spin simulation therefore become native
inference capabilities of the same foundation-model framework. Fig. 1b summarizes these two design elements.

The Prophet family is trained on hundreds of millions of first-principles configurations centred on ELEMENTA
and its Vib and Spin extensions (Kairos Materials, 2026), together with complementary public datasets.
ELEMENTA systematically samples compositions and structures across 84 elements without relying on known
crystal prototypes. ELEMENTA Vib probes local responses to controlled atomic and lattice perturbations,
while ELEMENTA Spin resolves multiple magnetic states of the same material. Public datasets add
extensive off-equilibrium configurations and reference energetics. Training proceeds from broad pre-training
to energy–force–stress refinement and targeted supervision of local energy-surface curvature, followed by
magnetic-state learning and separate training of the denoising head. In this way, the data and training stages
progressively add chemical breadth, configurational resolution and magnetic degrees of freedom.

These capabilities are reflected across both statistical benchmarks and physical simulations. On nearly two
million broadly sampled polymorphs spanning 84 elements, with no compositional overlap with training,
Prophet reduces energy error by 56.6% relative to the strongest evaluated baseline and more reliably identifies
and ranks competing structures. It also achieves the highest overall performance score on Matbench Discovery
and the lowest lattice-thermal-conductivity error (Fig. 1c). For magnetic materials, explicit spin changes
what the model can represent rather than merely improving an existing prediction. Prophet-Spin reduces the
energy error on 188 composition-unseen magnetic materials from the 63–72 meV/atom range of spin-agnostic
models to 19.2 meV/atom, while enabling magnetic-state search directly from crystal structures. Without
material-specific fine-tuning, it recovers the antiferromagnetic ground state and convex-hull stability of LiMnAs,
predicts the Curie transition of bcc Fe, and reproduces the pressure-induced bcc–hcp transition of iron. These
results point to a broader view of atomistic scaling in which progress comes not only from more data, but
from expanding the material space that models can explore, increasing the distinctions they can resolve, and
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Figure 1 Prophet extends atomistic foundation models along composition, configuration and spin. a, Scope. Structure-only
OAM potentials (grey) cover known compositions and structures at one implicit spin state; Prophet (purple) extends
composition to enumerated chemistries (ELEMENTA), con�guration to random structure sampling (ELEMENTA Vib)
and spin to sampled magnetic states of the same structure (ELEMENTA Spin, Prophet-Spin). b, Design concepts.
Nested cuto�s c1 < c 2 < c 3 replace one broad radial kernel (top); the spin-aware energy takes the magnetic state as an
explicit input, so that an initial state ~m 0 is relaxed to the collinear state m ? instead of being averaged into a single
spin-agnostic value (bottom). c, Matbench Discovery, 15 September 2026 snapshot: CPS for the 32 highest-ranked
entries (top), F1 and � SRME for the best entry of each of the 16 leading model families down to MatterSim (bottom).
Prophet has the highest CPS (0.912) and the lowest � SRME (0.065); the full table is Table 3.
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Figure 2 Architecture of the Prophet family. Top (Prophet): the crystal structure X is encoded by element embeddings
s(0)

i , one radial basis bk (r ij ) f k (r ij ) with a smooth envelope per nested cuto� ck , and spherical harmonics Y (r̂ ij ).
These feedL interaction blocks, each with K per-cuto� branches of tensor-product convolution, normalization and
feed-forward update whose outputs are mixed with residual connections. The �nal scalar features s (L)

i enter the energy
head, which gives E trunk ; for Prophet this is the energy, and forces and stresses follow by di�erentiation. Prophet-Spin
adds spin encodings inside the same backbone: Gaussian encodings ofjSi j2 are added at the node level and of
jSi j2 + jSj j2 at the edge level, so the trunk depends on magnetic moment magnitudes only. Bottom left (spin-denoising
head): seeds ~m 0 are mapped to self-consistent spinsm̂ by D � , a learned multiplier of the seed that acts on the frozen
even-scalar features zi of the backbone and on the local exchange energy�� i . Bottom right (Prophet-Spin energy): an
exchange readout builds J ij from s(L)

i + s (L)
j , r ij and qij , and the orientations enter only through 1

2

P
ij J ij Si �Sj ; its

sum with E trunk is E spin , from which forces and stresses are obtained at �xed spins. Dashed arrows mark the couplings
between the three parts; purple marks the components added by Prophet-Spin.

incorporating the physical degrees of freedom required to describe new classes of behaviour.

2 Model Architecture

Prophet learns a potential-energy function from which forces and stresses are obtained by di�erentiation.
Its backbone represents atomic environments at several radial scales. Prophet-Spin additionally conditions
the energy on spin and uses a separate spin-denoising head to estimate converged magnetic moments from
initial seeds. The distinction between energy evaluation and spin recovery is central to the architecture. The
�rst describes a speci�ed state; the second supplies candidate states for evaluation. Figure 2 summarizes the
resulting computational paths.

2.1 Spectrally Decomposed Equivariant Graph Neural Networks

The backbone must retain the surrounding chemical environment while resolving small changes in local bonding.
We formulate this task as learning an energyE � (X ) for a structure X = (Z ; R ; A), where Z = fZ i gN

i=1 gives
the atomic elements, R = f r i gN

i=1 gives Cartesian positions, and the columns of A are the cell vectors. The
parameters� are shared across atoms and compositions. Energy is invariant under translations, joint rotations
or re�ections of positions and cell, and joint relabelling of elements and positions. Forces and stresses are
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de�ned by

F i (X) = �
@E� (X)

@ri
;

�(X) =
1
V

@E� (X � )
@�

�
�
�
�
�=0

;
(1)

where X � applies a symmetric strain � to positions and cell, andV = j det A j. Consequently, an orthogonal
spatial transformation Q transforms the forces asQF i and the stress asQ�Q T . Learning one invariant energy
therefore imposes a consistent relation between the energetic and mechanical outputs.

The network realizes this energy through an encoder, a sequence of interaction blocks, and an atomic readout.
Each atom carries an invariant scalar stream s(t)i and an equivariant feature stream h(t)

i after block t. The
latter includes scalar, vector, and higher-order channels with prescribed transformation laws. LetH (t) collect
both streams over all atoms. The complete computation is

(H (0) ; G� (X)) = I � (X);

H (t+1) = B (t)
� (H (t) ; G� (X)); t = 0; : : : ; L � 1;

E � (X) =
NX

i=1

h
aE w T

E s(L)
i + bE + E ref

Z i

i
:

(2)

Here I � returns initial node features and the �xed edge context G� (X ), which contains the graph, encoded
edge features, cuto� masks and angular functions.L is the number of interaction blocks. The scalar readout
has weights wE , an energy scaleaE , a shift bE and elemental o�sets E ref

Z . Initially, the equivariant stream
contains only the encoded scalars. Directional channels are generated through interactions with neighbouring
atoms, and the �nal block returns scalar channels. Atomic summation ensures extensivity without restricting
the learned interactions to a pair potential.

The radial design follows Multi-Cuto� Spectral Decomposition (MCSD) introduced in our companion work (Tan
et al.). Its starting point is that neighbour aggregation acts as a spatial �lter. In a reduced scalar description,
a feature-weighted atomic density%is aggregated through a radial kernelg, giving uout ' % � g , where �
denotes convolution. The corresponding Fourier relation isbuout ' b% bg . A �lter with a rapidly decaying
high-frequency response suppresses �ne radial di�erences in its input. For kernels related by spatial rescaling,
a shorter length scale produces a broader frequency response. MCSD uses this relationship to motivate a
family of radial �lters,

ge� (r) =
KX

k=1


 k gk (r); bg e� (!) =
KX

k=1


 k bgk (!); (3)

where gk has its own radial support, 
 k is a learned mixing coe�cient, and ! denotes spatial frequency.
Shorter-scale �lters provide access to �ner variation while outer �lters retain the wider environment. The �lters
overlap rather than forming disjoint frequency bands. This is a spectral interpretation of radial aggregation,
not a Fourier decomposition of the entire nonlinear network. Detailed analysis is referred to the companion
work.

Prophet implements this principle using nested cuto�s c1 < � � � < c K . At scale k, Nk (i) contains neighbours
within ck , including periodic images. We write r ij and br ij for their distance and direction from atom i ,
suppressing image indices. The graph is constructed at the outer cuto� and masked for each scale. The
encoder combines two elements embeddings with scale-speci�c sums over neighbours to obtain s(0)

i . It then
constructs invariant edge features

e(k)
ij =

�
s(0)

i + s (0)
j

�
� b k (r ij ) f k (r ij ); (4)

where � denotes elementwise multiplication, bk is a learned projection of the radial basis, andf k is a smooth
cuto� envelope. The Gaussian implementation places the basis functions separately over each cuto� interval;
Bessel expansions are also supported by the code. These edge features and the spherical harmonicsY (br ij ) are
computed once per structure evaluation and reused across the interaction blocks.
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Each block has an independent equivariant branch for each cuto�. In the base backbone, its neighbour
aggregation has the form

u (t;k)
i =

1
p

�n

X

j2N k (i)

h
L (t)

k h (t)
j 
 ! (t;k)

ij
Y (br ij )

i
;

! (t;k)
ij = W (t)

k (e(k)
ij ):

(5)

The map L (t)
k mixes matching equivariant channels,�n is the reference neighbour count, andW (t)

k is a radial
multilayer perceptron that generates tensor-product weights. The Clebsch�Gordan tensor product
 combines
the neighbour features and edge direction with the required transformation law. Each branch then applies
a linear skip connection, gating, normalization and an equivariant feed-forward update. The feed-forward
network uses invariant squared channel amplitudes to update scalar features and rescale equivariant channels.
Branch outputs are concatenated and mixed separately in the scalar and equivariant streams, with residual
connections where dimensions permit.

The cuto� envelopes vanish together with their �rst two derivatives. Importantly, the base implementation
places the envelope inside the edge features of Equation(4). Its radial networks have no biases and satisfy
W (t)

k (0) = 0, so the interaction also vanishes smoothly as an edge leaves a cuto�. Smooth normalization
and gating preserve this regularity. The resulting energy is twice continuously di�erentiable across cuto�
boundaries for noncoincident atoms, and Equation (1) gives conservative forces.

2.2 Spin-Aware Network with Seed Denoising

For magnetic materials, the target state includes local spin in addition to atomic positions. A user normally
supplies initial magnetic moments rather than a known self-consistent magnetic state. Prophet-Spin addresses
this task by learning to recover the magnetic moments of a candidate state and then evaluating that state
with a spin-conditioned energy model. At �xed ionic geometry, ordinary collinear spin-polarized DFT allows
the initial magnetic moments to change during electronic self-consistency, where di�erent initializations can
reach di�erent local magnetic solutions. ELEMENTA Spin samples such solutions and records their converged
magnetic moments with the corresponding energies, forces and stresses (Kairos Materials, 2026). Electronic
convergence here is distinct from relaxation of the atomic structure.

Learning magnetic relaxation by energy minimization would require reliable supervision away from these
self-consistent endpoints. Constrained DFT can provide such information by holding local magnetic moments
at prescribed values while optimizing the remaining electronic variables (Ma and Dudarev, 2015; VASP
Software GmbH, 2026). Applying this procedure throughout the joint structural and magnetic con�guration
space would require an additional large-scale data-generation e�ort. Prophet-Spin instead learns a recovery
map from the ordinary DFT endpoints. Seed denoising constructs nonconverged inputs from converged
magnetic moment labels, without assigning the endpoint energy to those corrupted inputs.

Let M = f Si gN
i=1 denote local magnetic moments. A collinear state is represented by signed amplitudes

m 2 R N and embedded as M(m) = fm i bzg along a common spin axis. The seed-to-state prediction is

fm 0 = P Z (m 0);

cm = D � (X; fm 0; �� s);

bE = E spin
� s

(X; M( cm)) :

(6)

The user seed ism 0, PZ is the selected seed-preprocessing rule, andD � is the learned recovery head. The
released predictor can use the seed unchanged or replace its magnetic moment magnitudes with element-
dependent lookup values while retaining the signs on selected sites. The head uses a frozen feature backbone
with parameters �� s carried in its checkpoint bundle. A separate energy checkpoint with parameters� s scores
the recovered magnetic moments. Hats denote estimates of DFT-converged quantities, not the result of
another electronic self-consistency calculation.

The energy network accepts both collinear and vector magnetic moments. Its magnetic symmetries follow the
no-spin�orbit reference setting. A common rotation of all magnetic moments leaves the energy unchanged, as
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does reversal of every moment. These transformations are independent of spatial rotations and translations,

E spin
� s

(T X; UM) = E spin
� s

(X; M); T 2 E(3); U 2 O(3): (7)

Here UM = fU Si g, and the O(3) spin action combines proper rotations with time reversal. Atom relabelling
also relabels the magnetic moments. The collinear denoiser respects the corresponding reversal relation
D � (X; � fm 0; �� s) = �D � (X; fm 0; �� s). These constraints allow di�erent relative magnetic orderings to have
di�erent energies without making the predictions depend on an arbitrary reference frame.

In the Heisenberg-mode energy network, magnetic moment magnitudes and relative orientations enter through
di�erent paths. De�ne ai = jSi j, a = ( a1; : : : ; aN ), qij = a2

i + a2
j and pij = S i � Sj . Gaussian encodings of

a2
i are added to the initial scalar nodes, and encodings ofqij are added to the enveloped edge features. The

backbone therefore depends on magnetic moment magnitudes but not directions. Its �nal scalar features feed
both the atomic energy readout and a separate exchange readout,

E spin
� s

(X; M) = E trunk (X; a) +
1
2

X

(j!i)2E ex

J ji (X; a) p ji f ex(r ji );

J ji (X; a) = J � s

�
s(L)

j + s (L)
i ; � r (r ji ); � q(qji )

�
:

(8)

E trunk uses the atomic summation in Equation(2); J � s is a small coupling network, and � r and � q are
Gaussian encodings. The exchange envelopef ex imposes its radial support. The directed graphEex contains
both directions of each pair, accounting for the factor 1=2. Keeping pij out of the nonlinear backbone makes
the directional dependence exactly bilinear at �xed geometry and magnetic moment magnitudes.

The recovery head uses a di�erent representation from the energy readout. It extracts the even-scalar channels
zi from the penultimate equivariant features of the frozen backbone. The exchange-conditioned variant also
receives the local exchange energy�� i , accumulated on edges entering sitei in the same forward pass. This
supplies information about the seed ordering that is absent from the magnitude-conditioned features. With
all features evaluated at M(fm 0), the head can be written as

bmi = em 0;i A �
�

em 2
0;i ; zi ; �� i

�
: (9)

A � is a learned scalar multiplier built from Gaussian functions of squared seed amplitude and a separate neural
network. Under global reversal of the seed, its arguments are unchanged, giving the required time-reversal
relation. This parameterization also maps an exactly zero local seed to zero.

For training, let m ? contain the DFT-converged collinear magnetic moments at structureX . The seed
distribution qseed(fm 0 j X; m ?) combines element-based initializations, additive noise, amplitude rescaling and
unchanged targets. With the feature backbone frozen, the head minimizes

L denoise (�) = E (X;m ? ) Efm 0 �q seed

"
1
N

NX

i=1

� �
�
[D � (X; fm 0; �� s)] i � m ?

i

�
#

; (10)

where � � is the Huber loss with threshold �. This objective learns endpoint recovery without reconstructing
the electronic iteration history or a fully supervised constrained magnetic energy surface. One head evaluation
produces the predicted magnetic moments, which are then passed to a fresh energy evaluation. The prediction
is neither an enforced �xed point of the denoiser nor an enforced stationary point of the learned energy. The
corruption mixture and training settings are speci�ed in Appendix B and Section 4.

The implementation keeps prescribed-state evaluation and seed-to-state recovery separate. The former returns
energy, forces and stress at supplied magnetic moments; the latter �rst predicts magnetic moments and then
evaluates these quantities. In both cases, mechanical derivatives hold the supplied or predicted magnetic
moments �xed and do not di�erentiate through the recovery head. Multiple seeded evaluations can be
combined in an external search over candidate magnetic orderings, as used in Section 8. Such a search selects
the lowest-energy candidate explored in the chosen cell rather than guaranteeing a global magnetic ground
state.
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The same exchange representation connects these local predictions to collective spin simulations. At �xedX
and a, the trunk energy and all J ij remain constant when the directions of the magnetic moments change.
Equation (8) then reduces exactly to a classical Heisenberg Hamiltonian. The runtime extracts its coe�cients
once and reuses them for subsequent spin updates. This is an identity of the chosen model, not a claim that
collinear endpoint data uniquely determine all noncollinear magnetic physics. Appendix B gives the extraction
procedure, the released inference interfaces and the distinction between conditioned and composite energy
derivatives.

3 Training Data

Prophet is trained on six �rst-principles datasets: OMat24, ELEMENTA, MPtrj, sAlex, ELEMENTA Vib,
and ELEMENTA Spin. Together they contain more than 300 million labelled con�gurations. OMat24 and
ELEMENTA provide the main pre-training data; MPtrj and sAlex are used to align the energy reference;
ELEMENTA Vib adds near-equilibrium force and stress information; and ELEMENTA Spin provides magnetic-
state supervision.

OMat24 contains approximately 10 8 inorganic con�gurations from structural relaxations, atomic rattling,
and ab initio molecular dynamics. It provides broad sampling of both equilibrium and o�-equilibrium
geometries. ELEMENTA extends this coverage systematically across composition and structure. Across 84
elements, compositions are enumerated within de�ned stoichiometric limits and explored by random structure
search without using known crystal prototypes as starting templates. Candidate structures are pre-relaxed,
deduplicated, and re�ned with DFT. The resulting corpus contains approximately 1.9 million reduced formulas,
more than 9.7 million relaxed polymorphs, and about 210 million labelled frames. Several relaxed minima are
retained for each composition, so the dataset contains direct information on the relative energies of competing
structures in addition to absolute energies and relaxation trajectories.

ELEMENTA Vib targets a di�erent part of the potential-energy surface. Relaxation trajectories provide
extensive force information along paths toward equilibrium, but they sample the immediate neighbourhood of
a minimum less densely once the forces become small. ELEMENTA Vib starts from approximately 550,000
ELEMENTA polymorphs, expands small structures to compact supercells, samples volumes of 0:95V0, V0, and
1:05V0, and applies random atomic displacements of 0:005�0:03 Å. More than eight million DFT single-point
calculations provide energies, forces, and stresses around these local minima. In Prophet training, the force
and stress labels are used to improve the local response of the potential, which is particularly relevant to
phonons and lattice thermal transport.

MPtrj and sAlex are included primarily for energy-reference consistency. MPtrj contains approximately 1.58
million Materials Project relaxation frames, while sAlex contains subsampled Alexandria relaxation trajectories
computed with Materials-Project-compatible settings. These datasets de�ne the energy convention used in
Matbench Discovery and are therefore used for reference alignment and replay during the �nal re�nement
stage.

ELEMENTA Spin extends the training data beyond atomic structure. Approximately 50,000 magnetic materials
are sampled with multiple collinear magnetic initializations and relaxed using spin-polarized DFT. The
resulting 4.7 million frames contain energies, forces, stresses, and converged site-resolved magnetic moments.
Multiple self-consistent magnetic states can therefore be associated with the same atomic structure, with
energy di�erences reaching tens to hundreds of meV/atom. These data are used to train the spin-conditioned
energy model and provide the converged-moment targets for the denoising head. The current dataset is
restricted to collinear calculations without spin�orbit coupling.

Across these datasets, the added information is complementary. OMat24 supplies broad o�-equilibrium
sampling; ELEMENTA increases chemical coverage and the density of competing polymorphs; ELEMENTA
Vib resolves the neighbourhood of local minima; MPtrj and sAlex �x the external energy reference; and
ELEMENTA Spin introduces magnetic state as an explicit degree of freedom. Section 4 describes how these
sources are combined during training.
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Figure 3 Training stages of the Prophet family. Top: the structural line pre-trains on OMat24 and ELEMENTA
(Prophet-OE), optionally aligns to the Materials Project energy reference on MPtrj and sAlex, and re�nes the local
force response on ELEMENTA Vib with replay (Prophet-OAME-MBD). Bottom: the magnetic line branches from
the reference-aligned model, adapts the backbone to ELEMENTA Spin through nonlinear pair conditioning and the
bilinear exchange readout, and �nally trains the spin-denoising head with the energy model frozen (Prophet-Spin).
Purple blocks are ELEMENTA datasets, grey blocks public datasets.

4 Training Strategy and Model Family

Prophet is trained progressively rather than on all data sources at once. Pretraining has two consecutive
stages: initial training on OMat24 and continued pretraining on ELEMENTA. The model obtained after these
two stages is the pretrained Prophet. ELEMENTA Vib is then used to re�ne the local mechanical response
around relaxed structures. When direct comparison with the Materials Project energy reference is required,
an optional MPtrj/sAlex alignment stage is inserted before the ELEMENTA Vib re�nement. This alignment
is useful for benchmarks such as Matbench Discovery, but is not required when all energies in a calculation are
produced by Prophet itself. Prophet-Spin is trained as a separate magnetic extension of the pretrained model.

4.1 Pretraining on OMat24 and ELEMENTA

Pretraining begins on OMat24, which contains more than one hundred million �rst-principles con�gurations
drawn from structural relaxation, atomic perturbations and molecular dynamics Barroso-Luque et al. (2026).
These data expose the model to a broad range of o�-equilibrium environments and provide the �rst large-scale
training of its representation of atomic interactions. The physical targets are energy, forces, and stress. Their
mean-absolute-error terms are weighted 20, 20 and 5, respectively, with the energy error normalized per
atom. Because Prophet predicts a scalar energy and obtains forces and stresses by di�erentiation, these labels
constrain di�erent aspects of the same potential-energy surface rather than independent prediction heads.

OMat24 pretraining uses the energy, force, and stress objective only; no auxiliary structural denoising task is
applied at this stage, and the only denoising objective in the Prophet family is the magnetic-moment denoising
used later in Prophet-Spin. The model produced at this point is an intermediate pretrained state rather than
the �nal pretrained Prophet.

The training then continues on ELEMENTA. OMat24 samples many distortions around a large collection of
existing or generated structures, whereas ELEMENTA starts from systematic composition enumeration and
prototype-independent structure search across 84 elements (Kairos Materials, 2026). For a given composition,
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several relaxed polymorphs and their relaxation trajectories are retained. This adds direct supervision for the
relative energies of competing structures, as well as for the forces leading into di�erent local minima. The
learning problem remains the same�a single energy surface constrained by energies, forces, and stresses�but
the distribution of structures becomes substantially broader and less tied to known material prototypes.

The model obtained after continued pretraining on ELEMENTA is the Prophet-OE. This is a common starting
point for the later structural and magnetic models. Unless stated otherwise, we use Prophet native reference
to denote the energy convention learned through the OMat24 and ELEMENTA pretraining stages.

4.2 Optional Alignment to the Materials Project Energy Reference

Energies produced by di�erent DFT work�ows are not automatically interchangeable. Di�erences in pseu-
dopotentials, Hubbard-U treatments and numerical settings can change elemental reference energies and can
also introduce smaller structure-dependent shifts. A model can therefore be internally accurate on one DFT
convention while showing a systematic discrepancy when its energies are mixed with values from another.

This matters in Matbench Discovery, where candidate structures are evaluated against a Materials-Project-
based reference. For that use, pretrained Prophet is further trained on MPtrj and sAlex, sampled in an 8:1
ratio. Both datasets contribute energy, force and stress supervision. The purpose of this stage is not to relearn
the underlying atomic interactions, but to adapt an already pretrained model to the energy convention used
by the benchmark.

The model obtained after this stage is a reference-aligned Prophet. It has the same physical inputs and the
same architecture as pretrained Prophet, but its energy scale has been adapted for comparison with Materials
Project data. This step can be omitted when candidate phases, competing phases and elemental references
are all evaluated with Prophet itself, because those energies then share a common model-de�ned reference.

4.3 Final Refinement with ELEMENTA Vib

The �nal structural-training stage uses ELEMENTA Vib to improve the local shape of the potential-energy
surface around relaxed structures. Relaxation data tell the model how structures move toward local minima,
but they do not sample the neighbourhood of those minima uniformly. Vibrational properties depend on a more
local quantity: how the forces change under small atomic displacements and lattice strains. ELEMENTA Vib
was constructed speci�cally to provide this information through controlled atomic and volume perturbations.

During this stage, ELEMENTA Vib contributes force and stress supervision but not an absolute-energy loss.
The model nevertheless remains an energy-based potential: its forces and stresses are still derivatives of the
predicted energy. The displaced-force labels constrain local force constants along the sampled directions, while
the volume perturbations constrain the response to strain. Neither force constants nor thermal conductivity
are �tted as direct targets.

This re�nement can be applied to either energy reference. Applied after MPtrj/sAlex alignment, it produces
Prophet-OAME-MBD, the structural model used for the Matbench Discovery results reported here. In the
aligned training used in this work, the �nal stage samples MPtrj, sAlex and ELEMENTA Vib in proportions
of 35, 35 and 30 optimization steps per 100. MPtrj and sAlex retain energy, force and stress supervision,
while ELEMENTA Vib contributes only force and stress. Replaying the reference data keeps the aligned
energetics stable while the local mechanical response is re�ned.

4.4 Training Prophet-Spin

Prophet-Spin is trained from the pretrained Prophet backbone, but its learning problem di�ers from the
structural re�nements above because the magnetic state becomes part of the input. The reference data come
from ELEMENTA Spin together with ELEMENTA structural relaxation trajectories. ELEMENTA Spin
uses ordinary collinear spin-polarized DFT with di�erent magnetic initializations. The local moments are
allowed to change during electronic self-consistency, so the training target is the DFT-converged magnetic
state, together with the energy, forces and stress of that same state. The initial moments used to start the
DFT calculation are not treated as if they were the state associated with the converged energy.
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Training is divided into two parts. The �rst trains the magnetic energy model. DFT-converged local moments
are supplied as additional inputs, and the model is �tted to the corresponding energy, forces and stress. The
magnetic conditioning layers are initialized so that the inherited structural backbone is initially unchanged.
In the reported training procedure, the conditioned network is �rst adapted with nonlinear pair conditioning.
The �nal magnetic energy model is then initialized from this trained network, with relative spin orientation
represented through the explicit bilinear exchange readout described in Section 2.2. This second step gives
the model its exact Heisenberg form at �xed geometry and moment magnitudes.

At the end of the energy-model training, the result is a spin-conditioned Prophet energy model. It can evaluate
the energy and mechanical response of a prescribed magnetic state, but using it on an unfamiliar crystal
would still require the corresponding local moments to be supplied.

The second part trains moment recovery. The spin-conditioned energy model is frozen, and a separate
denoising head learns to map inexpensive initial magnetic seeds to DFT-converged moments. Training seeds
include the element-based guesses used during magnetic-state search, as well as noisy and amplitude-perturbed
versions of converged moments. The head is trained against the converged moments themselves; no DFT
energy is assigned to an arbitrary corrupted seed. Keeping this training separate prevents the moment-recovery
objective from changing the already �tted energy, force and stress surface.

Combining the trained energy model with the moment-recovery head gives Prophet-Spin. Starting from
a crystal structure, candidate magnetic seeds can be generated, mapped to candidate converged moments
and then ranked by the spin-conditioned energy model. The model therefore supports both evaluation of
prescribed magnetic states and magnetic-state search without requiring DFT moments as inputs.

4.5 Model Family

The Prophet family used in this report consists of three models with di�erent intended uses.

Model Training Intended use

Prophet-OE OMat24 pretraining, continued pretraining on
ELEMENTA

General structural model using
the Prophet native energy
reference

Prophet-OAME-MBD OMat24 pretraining, continued pretraining on
ELEMENTA, MPtrj/sAlex reference alignment,
followed by ELEMENTA Vib re�nement

Materials-Project-compatible
structural model used for the
reported Matbench Discovery
evaluation

Prophet-Spin Magnetic adaptation of pretrained Prophet on
ELEMENTA Spin, followed by separate training
of the moment-recovery head

Explicit magnetic-state
evaluation, magnetic-state
search and spin-Hamiltonian
extraction

Table 1 The Prophet model family used in this report. Prophet-Spin follows a separate magnetic adaptation from
pretrained Prophet.

The structural model used for the Matbench Discovery results contains ten Multi-Cuto� Spectral Decomposition
(MCSD) interaction blocks, with cuto�s of 3 and 7 Å, and 62.3 million parameters. Prophet-Spin uses a
six-block backbone with 3 and 6 Å cuto�s, together with magnetic conditioning, an exchange readout and the
moment-recovery model. Numerical results in later sections are associated with the corresponding member of
the family and its energy reference.

Publicly released models are preview versions intended for research use only, without guarantees of accuracy
or suitability for a particular application.

5 Matbench Discovery

We �rst evaluate Prophet on Matbench Discovery. Matbench Discovery Riebesell et al. (2025) is a community
benchmark for universal interatomic potentials in a setting close to high-throughput materials discovery. Its
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central tasks ask a model to determine the thermodynamic stability of approximately 257,000 candidate
crystals after structural relaxation, reproduce their DFT-relaxed geometries, and predict lattice thermal
conductivity from the model's own force constants. Additional tasks probe molecular-dynamics trajectories and
the smoothness of diatomic potential-energy curves. Together, these evaluations test complementary aspects
of the same potential-energy surface: the relative energies of competing phases, the location of equilibrium
structures, the local curvature governing lattice vibrations, and the numerical stability of dynamics. The
benchmark's Combined Performance Score (CPS) combines stability classi�cation, thermal conductivity, and
geometry optimization, with default weights of 50%, 40%, and 10%, respectively.

All results in this section use the released 62.3-million-parameter Prophet-OAME-MBD model. Following
broad pre-training on OMat24 and continued pre-training on ELEMENTA, the model is aligned on MPtrj
and sAlex to the Materials Project energy reference used by Matbench Discovery, and is then re�ned with
ELEMENTA Vib while replaying the aligned reference data. No WBM labels or benchmark-derived quantities
are used for training or model selection.

On the unique-prototype discovery split (Table 3), Prophet achieves anF1 score of 0.928, with precision of
0.927, recall of 0.928, accuracy of 0.978, and a discovery acceleration factor of 6.065. Its formation-energy
MAE is 18 meV/atom, with R2 = 0 :869. On the full WBM test set, the corresponding F1 score is 0.910.
These values are close to the best discovery results on the leaderboard: the leading models cluster within
F1 = 0 :924�0.931 and MAE = 18�19 meV/atom. Prophet therefore retains competitive phase-stability
classi�cation after the additional curvature-focused training, rather than improving one physical task by
sacri�cing the benchmark's central discovery objective.

The geometry task asks whether the learned forces carry an initially proposed crystal into the same structural
basin as DFT. Prophet obtains an RMSD of 0.059 between model- and DFT-relaxed WBM structures, again
within the narrow range of the leading entries. Symmetry provides a complementary view of the same
relaxations: at a strict tolerance of 10�5 , 60.7% of Prophet-relaxed structures retain the DFT space group,
increasing to 81.5% at 10�2 . Thus the stability and geometry results together show that Prophet generally
reaches the correct region of con�guration space while preserving the energetic distinctions required for phase
screening.

The clearest separation appears in lattice dynamics. Thermal conductivity is a stringent test of the local
shape of the potential-energy surface because it depends on second- and third-order force constants: harmonic
curvature sets phonon frequencies and group velocities, while anharmonic terms govern phonon scattering.
On the 103-material phononDB-PBE set at 300 K, Prophet reaches� SRME = 0 :065, compared with 0.093
for the next entry, a reduction of about 30%. The error in total conductivity is also small, with � SRE = 0 :028,
while the signed error � SRD = � 0:001 indicates essentially no systematic bias. The Wasserstein-1 distance
between predicted and DFT phonon-frequency spectra is 0.019 THz, close to the approximately 0.02 THz
mesh-comparison noise �oor, and all 103 calculations complete without a failed case or an imaginary mode.

The material-level results support the aggregate metrics. For MgO, GaN, and BAs, Prophet reproduces both
acoustic and optical phonon branches closely, with the highest frequencies within approximately 0.03�0.26 THz
of DFT. PbTe is more di�cult: its acoustic branches are well reproduced, whereas parts of the optical
spectrum are 0.2�0.3 THz too sti� and its thermal conductivity is overestimated by 19%. Across the full
103-material set, however, every predicted conductivity lies within a factor of 1.25 of DFT and the median
scalar conductivity error is 1.8%. The largest mode-resolved errors occur mainly in soft lead chalcogenides and
copper hydrides, where the total conductivity can remain accurate even when its distribution among phonon
modes is less precise. This distinction is useful because it shows that the remaining errors are localized in
di�cult regions of the vibrational spectrum rather than appearing as a broad bias in thermal transport.

Combining discovery, geometry, and thermal transport gives Prophet a CPS of 0.912, the highest value in the 15
September 2026 leaderboard snapshot(Table 3). The gain is not driven by an exceptional stability or geometry
score in isolation; those metrics are already tightly clustered among the leading models. Instead, Prophet
maintains the same level of discovery and structural accuracy while substantially improving the local force
response relevant to lattice dynamics. Additional benchmark tasks are consistent with this picture. Prophet
completes all 17 DynaMat molecular-dynamics trajectories, spanning 293�1500 K and systems of 48�500 atoms,
without a failed step or diverging trajectory, with RDF, angular-distribution, and vibrational-density-of-states
errors of 3.4%, 1.4%, and 21.9%, respectively. The diatomic tests identify a narrower weakness: a small
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Figure 4 Benchmarking the energetic accuracy and polymorph ranking of Prophet against �ve representative atom-
istic foundation models: 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., 2024, 2026). (a) Distribution
of absolute energy errors relative to DFT. Circles indicate the mean absolute error (MAE), with numerical values
reported in meV/atom. The upper axis converts the energy-error scale to the corresponding thermal-energy scale,
T = � E=kB , and percentages denote the fraction of structures with errors exceeding kB T at 300 K ( � 25:9 meV/atom).
(b) Ground-state identi�cation failure rate, de�ned as the fraction of composition groups in which the model-selected
ground state lies more than 1 meV/atom above the DFT ground state according to the DFT energy ordering. (c)
Exact-ranking failure rate, de�ned as the fraction of composition groups for which the model fails to reproduce the
complete DFT ordering of competing structures, using an energy tolerance of 1 meV/atom. Lower values indicate
better performance in all three panels.

number of light-element and closed-shell dimers develop large force jumps deep inside the repulsive wall,
outside the bonding range reached in the condensed-phase simulations. These cases provide a speci�c target
for extending short-range training coverage without changing the overall conclusion of the benchmark: Prophet
combines competitive materials-discovery accuracy with a markedly more faithful description of the local
energy landscape that controls lattice dynamics.

6 Energetics and Phase Ranking

Accurate prediction of material energetics requires not only low errors for individual structures but also
consistent resolution of the relative energies that distinguish competing polymorphs and determine phase
stability. We therefore evaluate Prophet-OE at increasingly demanding levels of energetic consistency: energy
accuracy across broad chemical space, ground-state identi�cation and polymorph ranking at �xed composition,
and phase stability across compositions through convex-hull reconstruction. The evaluation uses a held-out
subset of ELEMENTA containing nearly 2 million structures grouped into approximately 0.4 million complete
composition sets. These structures span binary, ternary, and quaternary systems across an 84-element chemical
space, with no compositional overlap with the training data.

6.1 Energetic Accuracy Across Chemical Space

We �rst evaluate the energetic accuracy of Prophet on the held-out ELEMENTA subset. Figure 4a shows
the distribution of absolute energy errors over nearly 2M structures with compositions not encountered
during training. Prophet achieves an energy MAE of 5.54 meV/atom, substantially lower than all reference
models and representing a 56.6% reduction relative to Equiformer-v3 (Liao et al., 2026), the strongest
baseline with an MAE of 12.75 meV/atom. The improvement is particularly pronounced in the high-error
tail: only 0.88% of Prophet predictions have errors exceeding the room-temperature thermal energy scale
(kB T � 25:9 meV/atom), compared with 10.06% for Equiformer-v3 and 11.20% for EquFlash-v2 (Lee et al.,
2025). Thus, the improvement of Prophet is re�ected not only in a lower average error, but also in a
substantially narrower error distribution with far fewer large deviations on unseen compositions.
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To assess whether this accuracy is maintained uniformly across chemical space, we further resolve the prediction
errors by element. For each element, the MAE is evaluated over all DFT-relaxed structures containing that
element, such that multicomponent structures contribute to multiple elemental subsets. As shown in Fig. 5,
Prophet maintains consistently low errors across most of the 84-element chemical space. For 79 of the 84
elements, the MAE remains below 7 meV/atom, with most values concentrated between approximately
4 and 6 meV/atom. The largest deviations occur for Gd, Pu, and Eu, with MAEs of 25.01, 15.72, and
10.81 meV/atom, respectively, re�ecting the greater complexity of localized f-electron systems. Overall, the
narrow error distribution across the elemental space indicates broadly uniform energetic accuracy across
diverse chemical environments.

Figure 5 Element-resolved energy MAE of Prophet across the 84-element chemical space represented in the held-out
ELEMENTA subset. For each element, the MAE is evaluated over all structures containing that element, such that
multicomponent structures contribute to multiple elemental subsets. The colour scale is capped at 10 meV/atom to
preserve contrast across the majority of elements, while numerical labels report the exact MAE for each element.

6.2 Ground-State Identification and Polymorph Ranking

Low errors in individual energies do not necessarily guarantee that a model preserves the relative stability
of competing structures. At �xed composition, a material can exhibit multiple metastable structures
corresponding to distinct local minima on the potential-energy landscape. These minima may di�er in
coordination geometry, bonding topology, atomic packing, or local structural distortions while being separated
by relatively small energy di�erences. Accurately resolving their energetic hierarchy therefore provides a more
stringent test of model �delity, as even modest energy errors can change the identity of the ground state or
invert the ordering of competing minima.

We �rst assess this capability statistically over approximately 0.4M complete composition groups in the
held-out ELEMENTA subset. Resolving the energetic ordering of nearly degenerate structures at the
meV/atom scale poses an exceptionally stringent requirement for current interatomic models. To avoid
counting energetically negligible inversions as failures, we adopt an energy tolerance of 1 meV/atom for both
ground-state identi�cation and exact ranking, treating ordering di�erences below this threshold as equivalent.
Under this criterion, Fig. 4b shows that Prophet achieves the lowest ground-state identi�cation failure rate of
9.83%, compared with 12.37% for Equiformer-v3 and 13.95% for EquFlash-v2. We further consider the more
stringent requirement of reproducing the complete energetic ordering of all competing structures within each
composition. As shown in Fig. 4c, Prophet achieves an exact-ranking failure rate of 34.00%, compared with
40.30% for Equiformer-v3 and 44.84% for EquFlash-v2. The higher failure rates under exact ranking across all
models re�ect the greater di�culty of reproducing the complete hierarchy of competing minima: a model may
correctly identify the ground state while still introducing inversions among higher-energy structures. Overall,
Prophet achieves the lowest failure rate under both criteria, demonstrating improved resolution of relative
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Figure 6 Representative cases in which Prophet recovers the DFT energetic ordering and ground-state structure where
Equiformer-v3 fails. Five competing structures (S1�S5) are compared for three hypothetical compounds, FCr 3Pd2 ,
OMnTe 4 , and S2Cr3Pu, with energies referenced to the DFT ground state for each composition. Filled circles, open
circles, and open squares denote DFT, Prophet, and Equiformer-v3 predictions, respectively, with colors identifying
the same structural candidate across methods. Prophet reproduces the complete DFT ordering and selects the DFT
ground-state structure in all three cases, whereas Equiformer-v3 favors structurally distinct, higher-energy minima.
The corresponding structures selected by DFT/Prophet and Equiformer-v3 are shown on the right.

energetics within previously unseen compositions.

To complement the statistical ground-state identi�cation and polymorph-ranking benchmarks above, we
examine three representative hypothetical compounds in which Prophet recovers the DFT energetic ordering
and ground-state structure where Equiformer-v3 fails. These systems are not intended to represent experi-
mentally established materials; rather, they provide controlled tests of model accuracy and robustness across
unseen compositions and competing structural candidates, without prior knowledge of the underlying energy
landscape. Figure 6 shows �ve competing structures for each of FCr3Pd2, OMnTe4, and S2Cr3Pu, with
energies referenced to the DFT minimum for each composition. Prophet reproduces the complete DFT
ordering in all three cases, with energy MAEs of 3.02, 2.37, and 2.06 meV/atom, respectively. In contrast,
Equiformer-v3 yields substantially larger MAEs of 236.98, 117.68, and 149.25 meV/atom and incorrectly
selects structures lying 248.62, 194.28, and 222.49 meV/atom above the corresponding DFT ground states.

The structures shown in Fig. 6 illustrate how this recovery extends from energetic ordering to structural
selection. In each case, Prophet selects the same ground-state structure as DFT, whereas Equiformer-v3 favors
a structurally distinct, higher-energy minimum. These di�erences involve substantial rearrangements of local
bonding environments, including changes in Cr�Pd coordination in FCr3Pd2, loss of short Mn�O contacts
accompanied by altered O�Te coordination in OMnTe4, and reduced S�Cr coordination in S2Cr3Pu. These
cases therefore provide concrete examples of how improved resolution of relative energies enables Prophet to
recover the DFT-preferred structure across distinct local bonding environments.

6.3 Thermodynamic Phase Stability

The preceding analysis establishes that Prophet more reliably identi�es ground-state structures and preserves
the energetic ordering of competing polymorphs at �xed composition. Thermodynamic phase stability
imposes a more global requirement: relative energies must remain consistent not only among structures of
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the same composition, but also across di�erent compositions. Convex-hull topology depends on relative
energy di�erences across chemically and structurally distinct compounds, making it particularly sensitive to
systematic or composition-dependent errors (Bartel et al., 2020). Even modest shifts in formation energy
can stabilize an otherwise metastable compound, remove a genuine ground-state phase, or alter its predicted
decomposition products.

Figure 7 examines the thermodynamic stability of the binary Mo�O and ternary Ni�Pb�O systems. For each
system, convex hulls are constructed independently from formation energies obtained with DFT, Prophet,
and Equiformer-v3 using the same set of candidate structures. The comparison therefore probes whether
each model preserves the relative energies required to recover the DFT-stable phases and the corresponding
hull topology. For the binary Mo�O system [Fig. 7(a,c,e)], DFT identi�es MoO 2 and MoO3 as the stable
intermediate compounds between the elemental endpoints. Prophet reproduces both phases and preserves the
DFT hull topology across the full composition range. Equiformer-v3, in contrast, spuriously stabilizes the
Mo-rich compound Mo7O, which lies far above the DFT hull. This error introduces an arti�cial tie line and
qualitatively changes the predicted phase diagram. The corresponding Mo7O structure spuriously stabilized
by Equiformer-v3 is shown in Fig. 7(g).

The ternary Ni�Pb�O system [Fig. 7(b,d,f)] provides a more demanding test because thermodynamic con-
sistency must be maintained over a two-dimensional composition space containing both binary and ternary
competing phases. The DFT hull contains NiO and NiO2 along the Ni�O edge; PbO, Pb3O4, and PbO2 along
the Pb�O edge; and the ternary NiPbO3 phase. Prophet recovers all of these phases and closely reproduces
their connectivity within the ternary hull. Equiformer-v3 instead misses the DFT-stable NiO 2 and NiPbO3

phases while spuriously stabilizing Ni3O4 and NiPb2O. Together, these errors alter the tie-line connectivity
and the resulting decomposition pathways. Representative structures of the missed NiPbO3 phase and the
spuriously stabilized NiPb2O phase are shown in Fig. 7(h,i).

These results illustrate why low average energy errors alone do not guarantee accurate phase stability: even
localized or composition-dependent errors can change the predicted stable-phase set and hull topology. The
close agreement between Prophet and the DFT hulls indicates that its improved energetic accuracy extends
across compositions, enabling more reliable prediction of stable phases and decomposition relationships.

7 Defects, Surfaces, and Interfaces

The preceding results focus primarily on bulk crystals and their relative phase stability. We next examine
representative defects, surfaces, and interfaces, which introduce local or extended atomic environments distinct
from equilibrium bulk structures through changes in composition, coordination, bonding, and symmetry.
These examples provide an initial assessment of model transferability to non-bulk environments (Freysoldt
et al., 2014). Details of the relaxation protocols and energy de�nitions are provided in Appendix C.

7.1 Defect Formation Energies

We examine six neutral point defects in CdTe and SiC, comprising two antisites, two interstitials, and
two vacancies by Prophet-OE. These defects probe energetic responses to local chemical and structural
perturbations, ranging from reduced coordination at vacancies to strongly distorted local environments around
interstitials. Starting from identical initial geometries, the defective and matched pristine structures are
independently relaxed using DFT, Prophet, and Equiformer-v3, with formation energies evaluated using
consistent elemental references (Appendix C).

Figure 8a compares the absolute errors in defect formation energies. Prophet gives lower errors for �ve of the
six defects, with the largest improvement for the Si interstitial, whose error decreases from approximately
0.58eV/defect with Equiformer-v3 to 0.11eV/defect with Prophet. Prophet also gives appreciably lower errors
for both SiC vacancies, whereas the C interstitial and TeCd antisite show similar accuracy between the two
models. CdTe is the only case for which Equiformer-v3 is more accurate. Thus, within this limited set, the
improvement is most pronounced for SiC interstitial and vacancy energetics rather than being uniform across
defect types.
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