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Predicting moiré physics from local
proximity effects in van der Waals
heterostructures
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While proximity-induced magnetism in van der Waals (vdW) heterostructures is often treated as
uniform or analytically predictable, we reveal significant spatial fluctuations that challenge
conventional modeling. Through a case study of graphene on Cr2Ge2Te6 (CGT), we reveal a profound
decoupling between pseudospin-governed polarization and the highly localized nature of induced
atomicmoments.We resolve this dependency using amachine learning framework trained on density
functional theory (DFT) data. By employing atomic environment descriptors, we demonstrate that
proximity effects are dictated by the local stacking configurationwithin ~2 nm2, enabling the discovery
of complexmoiré patterns and dodecagonal states—features that remain computationally prohibitive
for standard DFT. This study provides a scalable method for the precise engineering of proximity-
driven phenomena in next-generation quantum materials.

Integration of twisted 2D materials into van der Waals (vdW) hetero-
structures allows tailoring of electronic, optical, and magnetic properties1–7

for ultrafast and low-power electronic and spintronic8 devices. One parti-
cularly promising strategy is to harness proximity effects, enabling
superconductivity9,10 or strong spin-orbit coupling11–21 in materials lacking
these features. Furthermore, when bringing non-magnetic 2D materials,
such as graphene or transition metal dichalcogenides22, in contact with a
magnetic material, a proximity-inducedmagnetic exchange interaction can
arise21,23–31. Once a non-magnetic channel acquires an exchange field via
proximity, it can support spin precession32–34, spin filtering23,35, or valley-
selective spin dynamics36, enabling spintronic device platforms.

Among 2D materials for proximity-induced phenomena, graphene
stands out for its exceptional spin transport 32,37–39. Magnetism in graphene
can be induced via proximity exchange coupling to ferro- or antiferro-
magnets, ideally preserving its intrinsic transport by avoiding charge
transfer and parasitic channels. Suitable magnetic materials include semi-
conductors or insulators such as Cr2Ge2Te6

16,40,41, EuO23,42–44, or CrI3
36,44–49,

but also ferromagneticmetals such as Co orNi, separated from graphene by
hBN tunnel barriers50,51.

Proximity exchange coupling2 has been studied theoretically23,26,50,52–55

and experimentally 55–57, showing sensitivity to interlayer distance23,26 and
tunability by twisting4,5,26,28 and gating50,52,56,57. Complementary to scanning
tunnelingmicroscopy58, density functional theory (DFT) currently provides
the only reliable means to investigate proximity effects at the atomic
scale23,26,50,52–54, but its high computational cost limits studies to small
supercells (a few hundred atoms), making predictions for arbitrary twist
angles and large-scale systems infeasible. As a result, phenomena inherently

requiring large simulation cells, such as twist-dependent magnetic moiré
patterns5,59, as well as spatial variations from local structural inhomogene-
ities and the role of local stacking configurations ("registries”) in proximity
effects26 remain largely unexplored.

In this work, we reveal pronounced atomic-scale fluctuations of
proximity-induced magnetic moments in graphene stacked onto a mono-
layer of the ferromagnetic semiconductor Cr2Ge2Te6 (CGT). This behavior
contrasts sharply with the spin polarization of Dirac electrons, which is
locked to the pseudospin, leading to the following classification of proximity
effects in graphene: (i) pseudospin-preserving proximity, producing a largely
uniform and predictable texture captured by a lattice Hamiltonian; and (ii)
pseudospin-breaking proximity, which is inherently local and defies simple
atomistic modeling. Spin polarization at the Fermi level falls into type (i),
where the Dirac states are only slightly perturbed26. But whenever the
hybridization with the proximitizing layer is resonant—as in graphene/
hBN/Co51 or, as in our case, where the deep pz band states in graphene/CGT
affect the carbon magnetic moments—the proximity effects are of type (ii).

How can wemodel non-perturbative, class (ii), proximity effects? Can
we, as for class (i), go beyondDFT and develop amethodology to efficiently
predict pseudospin-breaking quantities for arbitrary stackings, by mapping
the local atomic-scale geometry to the induced response? As we demon-
strate here, machine learning (ML) provides a compelling, computationally
efficient alternative to expensive DFT simulations. Our premise is simple:
assuming that the magnetic moment of each carbon atom is fully deter-
mined by its local atomic environment, we train anMLmodel using atomic
geometries as input and DFT-calculated magnetic moments as targets, see
Fig. 1. Remarkably, besides accurate predictions, this model also gives a
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measure of how local the proximity effect is (and in doing so, validating the
underlying assumption of locality).

We apply the ML framework to twisted graphene/CGT, which is
experimentally relevant for spin transport 16,27,31, to model the induced
magnetic moments in graphene, a type (ii) quantity. We show that the
magnetic moment of a carbon atom depends only on a small surrounding
region of ~2 nm2. TheMLmodel predicts large-scale magnetic textures and
generalizes to much larger systems, enabling predictions for structures with
millions of atoms and arbitrary twist angles. Based on the ML predictions,
we demonstrate that the proximity-induced magnetic landscape remains
strictly locked to the local atomic registry even in the limit of maximum
incommensurability. This is evidenced by the transition into a dodecagonal
magnetic state at a twist angle of 30°, a regime where interlayer interactions
are typically expected to self-average or vanish.

Results
Two types of proximity effects
The initial observation that motivates this study is strongly fluctuating
proximity-induced magnetic moments in the graphene layer of com-
mensurate graphene/CGT supercells, as shown in Fig. 1. The fairly wide
distribution of induced magnetic moments reveals a previously unrec-
ognized dichotomy: Proximitized quantities may or may not be sensitive
to the local atomic environment, and in some systems, both types of
proximity effects can occur at the same time. The heterobilayer CGT/
graphene is a prime example of a system showing both types of prox-
imitized quantities: While the spin polarization at the Fermi level is
staggered, i.e., locked to the pseudospin, the proximity-induced magnetic
moments vary across the graphene layer, as illustrated in panels a and b
of Fig. 2.

In general, the two regimes can bemathematically described as follows.
By setting up a basic perturbation theory, one can show that the effective

induced magnetic moment (or exchange field) on a carbon atom i is

λeff ;i �
X

m

jti;mj2
E � ϵm

Δm; ð1Þ

where ti,m is the position-dependent interlayer hopping between carbon
atom i and another atomm in the neighboring layer, E is the energy of the
graphene state, ϵm is the energy (band) of the neighboring layer (whichmay
correspond to the Te states in CGT in the present work), and Δm is the
intrinsic exchange splitting of the substrate.

First, the pseudospin-conserving regime. At the Fermi level, the gra-
phene states are energetically very far away from the Te bands. Mathema-
tically, thedenominator inEq. (1) is large; therefore, the interactionbecomes
weak. One can then adopt a picture of a sublattice basis with an effective
staggered potential coming from the different average energy (over the
commensurate unit cell) of the orbitals on A and B sublattice. This is a
complementary, real-space view of the perturbation theory in the
momentum space60,61.

The situation is fundamentally different in the pseudospin-breaking
regime. At lower energies, in the case of graphene onCGT in the range from
−3 to−0.5 eV, the interaction becomes resonant E ≈ ϵm, meaning that the
perturbation blows up (the denominator E − ϵm → 0). The induced mag-
netization is no longer aweak background; it becomes highly sensitive to the
exact, local environment and therefore also to the exact hopping amplitude
∣ti,m∣2. In an incommensurate lattice, like graphene on CGT, ∣ti,m∣2 varies
strongly from one carbon atom to the next. This breaks the sublattice
(pseudospin) symmetry locally.

DFT perspective and microscopic origins
In the following, we further explain this behavior by means of a deeper
analysis of the DFT calculations. In order to resolve exchange splittings on

Fig. 1 | ML workflow for modeling magnetic proximity effects in graphene/
Cr2Ge2Te6. a 3D and top view of a representative DFT simulation cell. Proximity to
the 2D Ising ferromagnet Cr2Ge2Te6 induces a magnetic moment in the carbon
atoms. Images created by VMD software78. bWe employ DFT to determine the
proximitized magnetization of the graphene layer in a set of heterostructures with

varying sizes, twist angles θ, and interlayer distances dIL. Together with the struc-
tural/geometrical information encoded by the SOAP descriptor, the data set is then
used to train an ML regression model to predict the proximitized magnetization in
much larger structures, as indicated.
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the order of a few meV, sampling of the Brillouin zone (BZ) around the K
point requires a dense k-pointmesh.We therefore implemented an adaptive
k-pointmesh (detailed in the “Methods” section). This approach allows for a
trade-off between sufficient sampling around K, while also delivering
accurate states at lower energy and across the full BZ. We applied this
method to one exemplary structure (102 atoms), using 48 × 48 k-points
across the BZ, while a 15 times denser mesh is used around K.

Our analysis begins with spin polarization at the Fermi energy, the
regime that governs spin transport. After obtaining the electronic structure
fromDFT, we project onto a localized atomic basis and integrate across the
BZ using a linear triangular method62 to obtain the projected density of
states (PDOS) of each C atom. As shown in Fig. 2c, only two types of PDOS
appear, which can readily be associated with the sublattice of the graphene
layer. As noted before, this is a sharp contrast to the wide spread in mag-
netization among the atoms. Furthermore, while in this example the mag-
netic moments all align in the same direction, at the considered twist angle
θ = 8.948°, the spin polarization is ferrimagnetic. Validating the simple
Hamiltonian from refs. 26,50, which treats the sublattices of graphene
separately, the PDOS is precisely mirrored about the Dirac point between
sublattices A and B. The local atomic environment leaves the spin polar-
ization at the Fermi level unchanged.

Next,we focuson the inducedmagneticmoments.Anatom’smagnetic
moment reflects the net spin polarization accumulated across all occupied
electronic states up to the Fermi level. In order to clarify the origins of the
distributionofmagneticmoments,weconsider the band structure inFig. 2d.
It shows clear anti-crossings (some marked by gray circles) between the
graphene pz bands and—as apparent upon projection on Te atoms—Te-
dominated bands of CGT (the projections on other atom types are shown in
Supplementary Note 1).

For an atom-resolved analysis, we calculate the atom-projected spin
polarization PðEÞ ¼ PDOSupðEÞ � PDOSdnðEÞ along the full energy range
which gives the totalmagnetization of each atombymðEÞ ¼ R E

�1 PðE0ÞdE0.
As shown in Fig. 3, close to the Fermi energy,m(E) is virtually the same for
each C atom. The difference in magnetization between the C atoms is

mainly accumulated at the energy range from −3 to −0.5 eV, directly
corresponding to the energy windowwhere graphene bands hybridize with
neighboring Te valence states.

Local description of proximity-induced magnetization
As shown above, the distribution of induced magnetic moments is mainly
driven byhybridizationwithTe atoms.Given that evendirectly neighboring
C atoms of a shared sublatticemay have very different atomic environments
—a consequence of the lattice mismatch—an intuitive conjecture is that
these fluctuations are caused by spatial inhomogeneities. For further evi-
dence, we have verified that the induced magnetic moments are highly
sensitive to even small displacements of the graphene layer (see Supple-
mentaryNote 2).We therefore arrive at the central assumption of thiswork,
namely that themagnetization of aC atom in theCGT/Grheterostructure is
governed solely by its local atomic environment. This assumption is
implemented into ourML framework by the use of local atomic descriptors
(as detailed in the “Methods” section). The results obtained by this ML
model are discussed in the following.

We assess the accuracy of the ML model using testing data from our
DFTdataset. In total, the dataset comprises 9498 samples, each consisting of
a C atom, its local atomic environment, and the corresponding induced
magnetic moment. 10% of this data has been isolated for the testing process
and is used for predictions by the trained ML model. The model perfor-
mance is quantified using cross-validation, yielding a mean squared error
(MSE)of 2 × 10�9 μ2B, corresponding to an average absolute prediction error
of approximately 4.5 × 10−5μB. Given average magnetic moments of
0.4 × 10−3μB, the deviation between predicted andDFT-computedmagnetic
moments is around 10%. The correlation plot of this data is shown in Fig. 4.

In order to determine the extent of the region which ultimately
determines the induced magnetic moment, we analyze the dependence of
the prediction accuracy on the cut-off radius rcut of the SOAP descriptor.
Due to a polynomial weighting scheme, all atomic orbitals effectively vanish
beyond rcut, meaning that overlap between two orbitals is only captured if
the atomsarewithin adistance of 2rcut.As shown inFig. 5, theMSEsaturates

Fig. 2 | Two types of proximity effects. Presented
are DFT simulations for graphene/CGT at twist
angle θ = 8.948°. a Spin polarization P(EF) over the
carbon atoms in the supercell. c The pseudospin
character of P(EF) is reflected in the calculated
projected density of states (PDOS). b Proximity-
induced magnetic moment of C atoms, showing a
wide distribution. d Band structure for spin-down
bands with color-coded projections on Te states.
Anti-crossings (gray circles) indicate resonant
hybridization.
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for rcut > 6Å, indicating that increasing the descriptor range beyond this
point provides no additional information. We therefore conclude that the
proximitized magnetic moment of each C atom is determined by its local
atomic environment within 12Å, a region that contains about 100
CGT atoms.

Large-scale predictions
Finally, we apply the ML model to predict magnetic textures of practically
relevant system sizes. For this purpose, we combine completely unstrained
layers of CGT and graphene and overlay them with varying twist angles,
considering the equilibrium dIL of 3.55Å. Most importantly, we find
magnetic moiré patterns arising as a result of periodically recurring local
environments of the heterostructures, see Fig. 6. The extent as well as the
quantitative fluctuations of these patterns are highly dependent on the twist
angle θ. The moiré patterns appear on scales that are far from feasible DFT
calculations.

We further analyze the spatial modulation of the proximity-induced
magneticmoments byperforming aFourier transform intoreciprocal space.
This procedure allows for the precise extraction of the Moiré wave-vector
and its associated periodicity. In the commensurate and near-
commensurate regimes, the hexagonal symmetry of the constituent layers
dictates a hexagonalMoiré pattern. In reciprocal space, this is manifested as
six primary peaks arranged with C6 symmetry, see Fig. 7a. Note that in this
representation, the expected circular arrangement of these peaks appears
elongated,which is a projection artifact arising from representing the data in
the fractional basis of the graphene reciprocal lattice vectors (kn, km) rather
than in Cartesian reciprocal coordinates.

Each peak corresponds to a Moiré modulation defined by the differ-
ence vector:

~qðθÞ ¼ ~G1ðh; k; θÞ �~G2ðl;mÞ ¼ kn~b1ðθÞ þ km~b2ðθÞ ð2Þ

where the reciprocal lattice vectors of each layer are given by linear com-

binations of their primitive basis vectors,~G1ðh; k; θÞ ¼ h~b1ðθÞ þ k~b2ðθÞ for
graphene and ~G2ðl;mÞ ¼ l~g1 þm~g2 for CGT, with ðh; k; l;mÞ 2 Z. The

reciprocal lattice vectors are defined as~b1 ¼ 2π½aGr�1; ð� ffiffiffi
3

p
aGrÞ

�1�,~b2 ¼
2π½0; 2ð ffiffiffi

3
p

aGrÞ
�1� and ~g1 ¼ 2π½aCGT�1; ð� ffiffiffi

3
p

aCGTÞ
�1�, ~g2 ¼

2π½0; 2ð ffiffiffi
3

p
aCGTÞ

�1�, where aGr = 2.46Å and aCGT = 6.8275Å. The twist
angle dependency enters through the rotation of the graphene lattice relative

to the stationary substrate, such that~biðθÞ ¼ RðθÞ~bi, where R(θ) is the 2D
rotation matrix. The fractional coordinates kn and km of the moiré wave-
vector describe theMoirémodulations as a linear combination of reciprocal
lattice vectors of the twisted graphene layer.

The magnitude j~qðθÞj determines the real-space Moiré periodicity,
LM ¼ 2π=j~qj. The evolutionofLM as a functionof the twist angleθ is plotted
for the fundamental interval [0°, 30°] in Fig. 7b. While an infinite set of
difference vectors is mathematically possible, the physically observable
Moiré pattern is governed by a selection rule: the dominant peaks must
involve low-index reciprocal lattice vectors. High-order Fourier compo-
nents of the atomic potential decay rapidly due to the finite width of the

Fig. 3 | Magnetization m(E) obtained from the
DFT-derived spin polarization for some repre-
sentative C atoms at θ = 8.948°. a Differences are
mostly picked up at energies between −3 and
−0.5 eV, where Te hybridizes with the graphene pz
bands. bMagnetization across the graphene layer.
The associated C atoms of a are labeled with letters
A to D.

Fig. 4 | Verification of the ML model within the DFT dataset. 90% of the data has
been used for training, and the remaining 10% serve as the testing data.

Fig. 5 | Saturation of ML prediction accuracy at increased cut-off radius. a The
local environment of the central C atom is defined by rcut. b The prediction error
saturates at rcut = 6Å.
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atomic orbitals and the smoothness of the interlayer potential. Quantita-
tively, the spectral intensity of second harmonics (at 2~q) is one to two orders
of magnitude weaker than the primary Moiré peaks, and therefore hardly
visible in Fig. 7.

Consequently, only a few combinations of (h, k, l, m) indices possess
sufficient Fourier amplitude to be detected. We identify three specific cases
resulting from the index sets (1, 0, 3, 0), (1, 1, 2, 3), and (1, 1, 1, 3). As shown
in Fig. 7c, these three combinations provide a comprehensive explanation
for the ML-predicted data across the entire investigated angular range. The
dominance of a specific combination depends on the twist angle, with
crossing points (here at θ ≈ 9° and 30°) marking transitions where the
system’s characteristic spatial frequency shifts. At these angles, multiple
Moiré harmonics coexist, leading to complex interference or “super-Moiré”
features, cf. Fig. 6. In the vicinity of these crossing points, the numerically
extracted LM may deviate from the theoretical maximum periodicity; this

occurs because our automated extraction identifies the Fourier component
with thehighest spectral intensity,whichmaybelong to a competing trackof
higher amplitude but shorter wavelength.

The formation of the magnetic dodecagonal state is specifically intri-
guing because the underlying structure, the hetero-bilayer at θ = 30°, is not
dodecagonal.Why dowe still observe amagnetic dodecagonal pattern? The
answer is that the dodecagonal state is an outcome of the intersection of two
Moiré wavevector trajectories at this specific twist angle (see also Fig. 7c).
This intersection (and therefore the formation of a dodecagonal state) is
enforced by symmetry, which can be shown analytically. Starting from Eq.
(2) together with the definitions in the paragraph below, one can show that
two trajectories corresponding to index sets (h1, k1, l1,m1) and (h2, k2, l2,m2)
where h1 = h2 = k1 = k2 intersect at 30° if and only if m1 = m2 = m and
l1+ l2 =m. In otherwords, themoire periodicity at θ=30° exhibits doubling
for some index configurations:

L30
�

M ðh; h; l;mÞ ¼ L30
�

M ðh; h;m� l;mÞ: ð3Þ

As shown in Fig. 7, we do find an intersection for the index sets (1, 1, 2, 3)
and (1, 1, 1, 3) which fulfill these criteria. Crucially, this intersection is
enforced by the symmetry of the hexagonal lattices at the specific twist angle
of 30° and is independent of the lattice vectors of the two layers. We stress
that this argument is fully agnostic to both the ML and DFT data, yet this
result is contained in the ML predictions (Fig. 7b).

Next, we discuss the amplitude of the inducedmagneticMoiré pattern.
While the Moiré periodicity is simply a result of the underlying atom
structure, which meets our expectations (see Fig. 7), its amplitude is pre-
dicted by the ML model specifically for the magnetic proximity data it is
trained on. We present the dependency of the Moire peak intensity on the
twist angle in Fig. 8. We focus on the innermost circle of Moire peaks as
marked in Fig. 7. The data reveal a pronouncedmaximumat 14°, indicating
that the amplitude of the magnetic moiré modulation is strongest at this
specific structural alignment. Furthermore, the dodecagonal peaks at 30°
exhibit an intensity comparable to those at other twist angles. This
demonstrates that the induced magnetic order does not average out,
remaining robust even at maximal incommensurability. Finally, we note
that these results are independent of the initial stacking registry; translating
the graphene layer by an in-plane vector—such as ~T ¼ 0:5~b1 þ 0:5~b2—
merely shifts the moiré pattern in real space without altering the observed
intensities significantly.

Fig. 6 | Magnetic moiré patterns emerging in larger simulation cells for various twist angles θ as predicted by the MLmodel. The scale bar in the last panel holds for all
panels. Due to the hexagonal shape of both material layers, the pattern repeats with a 60° periodicity and is symmetric about θ = 30°. Thus, θ = 20° corresponds to θ = 40°.

Fig. 7 | Fourier analysis of magnetic moiré patterns. a At θ = 4°, six peaks (red
circles) indicate a hexagonal moiré lattice. bAt θ = 30°, 12 peaks of similar intensity
signify a dodecagonal state. c Moiré periodicity LM (blue circles) compared to the-
oretical predictions q ¼ j~G1ðh; k; θÞ �~G2ðl;mÞj. Crossing points at ≈ 9° and 30°
mark transitions between dominant moiré harmonics.
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The crossing point at 30° represents a unique high-symmetry state. At
this angle, the heterostructure achieves maximal incommensurability, and
the translational symmetry of a periodic Moiré crystal is replaced by a
dodecagonal pattern. In this regime, 12 peaks of equivalent Fourier
amplitude emerge on a single ring in reciprocal space, see Fig. 7b. The
extracted periodicity of 11.16Å represents the characteristic length scale of
the quasi-periodic interference. In real space, this corresponds to the dis-
tance between local high-symmetrymotifs that, while ordered, never repeat
on a periodic grid.

Crucially, our results demonstrate that the magnetic proximity effect
remains robust even in the absence of translational symmetry.We have also
observed that the intensity of theMoiré peaks at 30° remains comparable to
those in the periodic regimes. This further indicates that the induction of
magnetic moments is driven by local atomic registry rather than global
commensurability, opening a pathway to exploring exotic spin transport
and frustrated magnetism in quasi-periodic landscapes.

Discussion
Proximity-induced magnetism in twisted graphene/CGT heterostructures
reveals a complex multi-scale landscape that defies conventional coarse-
grained modeling. Our findings demonstrate that these effects are parti-
tioned into two distinct regimes: a pseudospin-governed polarization at the
Fermi level and environment-sensitive magnetic moments arising from
deep-lying orbital hybridization.

The fluctuations observed at the atomic scale (Fig. 1) indicate that the
induced magnetic moment is not a smooth function of the Moiré coordi-
nate, but rather a discrete response to the local chemical environment.
Unlike the exchange splitting at the Dirac point, which is largely protected
by the sublattice symmetry, the total atomic moment is a quantity deter-
mined by the local stacking. It is primarily accumulated through resonant
hybridization between the graphene pz orbitals and the Te bands in the−3
to−0.5 eV range (Fig. 3). This energy-dependent coupling is hypersensitive
to the orbital overlap, which varies significantly even between nearest-
neighbor carbon atoms in an incommensurate stacking.

While long-rangeMoiré potentials are used to describe the periodic re-
occurrence of these specific local atomic registries on a global scale, the
actual magnetic moment induced at any specific carbon atom is entirely
determined by its immediate atomic neighborhood. The periodic magnetic
moiré pattern arises because these local registries repeat in the large moiré
structure as well.

In order to model proximity-induced magnetic moments on an
experimentally relevant scale,we employMachineLearning.Using a SOAP-
based MLmodel (see Supplementary Note 3 for a quantitative comparison
of several ML algorithms) trained on an extensive DFT data set, we achieve
accurate predictions ofmagneticmoments across a diverse set of structures.

The model generalizes to large-scale systems and enables rapid exploration
of the local magnetic landscape. While simple analytic models based on
interatomic distances fail to capture the underlying physics (see Supple-
mentary Note 4) due to highly complex hybridization (see Supplementary
Note 5), the ML approach successfully encodes complex geometric
dependencies.

This locality is quantitatively bounded by our ML analysis. The
saturation of the prediction error at a cut-off radius of rcut ≈ 6Å (Fig. 5)
provides a physical length scale for magnetic proximity: a carbon atom
“feels” the magnetic substrate only within this radius. That finding has two
consequences. First, due to the geometric periodicity within the hetero-
bilayer on a large scale, magneticMoiré patterns appear on top of the strong
fluctuations on the atomic scale. Second, it suggests thatwhileMoiré physics
is often discussed in terms of long-range potentials, the underlyingmagnetic
induction is an inherently short-ranged, quasi-chemical process.

The emergence of a dodecagonal magnetic state at 30° is a striking
consequenceof this locality. In traditionalMoiré theory, the “self-averaging”
limit at large twist angles is expected to wash out interlayer effects63. How-
ever, the emergence of quasicrystalline states with dodecagonal symmetry
has been reported for twisted bilayer graphene at 30°64, indicating that this
averaging effect is not always dominant. Our model shows that because the
induction is locked to the local registry, the graphene layer remains mag-
netically “templated” even when global translational periodicity is lost. The
spectral weight of the magnetic Fourier components at 30° remains robust,
overcoming the self-averaging limit.

Finally, the scalability of ourML framework offers a paradigm shift for
high-throughput materials design. Because the atomic environment
descriptor relies solely on nuclear positions, the framework is intrinsically
agnostic to the underlying magnetic order. This allows the model to be
generalized to complexmagnetic textures beyond the Ising ferromagnetism
considered here, including antiferromagnetic or non-collinear substrates or
to fundamentally different quantities like the induced charge (see Supple-
mentary Note 6). While DFT is restricted to small, commensurate
“approximants”, our approach allows for the simulation of experimental-
scale flakes (millions of atoms). This toolkit provides a high-fidelity bridge
between ab initio theory andmacroscopic device physics in next-generation
spintronics.

Methods
Crystal structures and DFT setup
The DFT-generated dataset contains van der Waals heterostructures
composedof graphene andCGTwith twist angles from0° to 30°, sampled in
steps of approximately 3°, following ref. 26. To construct commensurate
supercells, themonolayers are strainedbyup to3%. Initially,we fully relaxed
the 9 structures at these various twist angles to consider correct interlayer
distances dIL and rippling of the graphene layer (<1 pm)26.

The dataset was subsequently extended by translation of the graphene
layer (retaining three-fold rotation symmetry), rigid randomized lateral
shifts (symmetry-breaking), and vertical interlayer displacements of ±0.1
and ±0.2Å. However, for these structures with rigid shifts (vertical and
lateral), we have not relaxed the structure subsequently to stay within rea-
sonable computational limits. Thus, it is fair to say that relaxation is
indirectly included in our diverse training set.

In total, 75 different structures with 9498 C atoms are contained in the
data set; however, in structures with a remaining three-fold rotational
symmetry, the number of distinct environments is reduced by a factor of
three. An overview of the complete dataset used for training of the ML
model is given in Table 1. Since we find that the prediction of magnetic
moments can be based solely on descriptions of the local atomic environ-
ment, larger supercells do not need to be included in the training dataset.
From the perspective of the ML model, larger supercells are only a larger
collection of local environments. However, such calculations are currently
computationally out of reach, initially motivating the use of ML.

The calculations were carried out using plane-wave DFT as imple-
mented in the codeQuantumESPRESSO65. According to the systemsize, the

Fig. 8 | Dependence ofmoiré superlattice peak intensity on interlayer twist angle.
The shown variation in peak intensity illustrates the angle-dependent amplitude of
the proximitized magnetic moiré potential as predicted by our ML model.
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k-point mesh has been chosen as listed in Table 1. Data for theML training
set is calculated based on standard uniform meshes. We used PAW pseu-
dopotentials with scalar relativistic non-linear core correction66 in combi-
nation with the PBE functional67. We utilized the DFT-D268 dispersion
correction in all calculations. Correlation effects of Cr 3d electrons are
considered by a Hubbard correction of U = 1.0 eV. In ref. 69, it has been
shown that the systembecomes in-plane anisotropic forU<0.2 eV, and that
the interlayer coupling becomes antiferromagnetic for U > 1.7 eV, contra-
dicting experimental observations. Therefore, theU values within the range
of 0.2–1.7 eV are argued to be a reasonable choice. OurHubbardU is in the
middle of this range.Wehave tested for the stability of ourmain claimswith
respect to the chosen HubbardU and find that it rescales the magnitude of
the magnetic moments but keeps the results and conclusions qualitatively
unaffected, as shown in Supplementary Note 7.

Machine learning framework and descriptors
To ensure that the machine learning model captures only the intrinsic
geometry-magnetization relationship (independent of arbitrary rotations or
translations), we represent atomic environments using the SmoothOverlap
of Atomic Positions (SOAP) descriptor70 as implemented in the DScribe
Python library71,72. It maps an input atomic structure to a column vector,

determined by the overlap of hydrogen-like orbitals placed on each atom
within a distance of 2rcut.

The descriptor uses a basis of radial functions and spherical harmonics,
controlled by parameters n and l. As shown in Fig. 9, a minimum of n = 2
and l=3 isnecessary toqualitatively capture the inducedmagnetization.The
lowest MSE is achieved with n = l = 8. We find increased accuracy when
weighting the atomic density by a polynomial function
½1þ 2ðr=rcutÞ3 � 3ðr=rcutÞ�

m
as suggested in ref. 73. We chose m = 1, a

cutoff radius of rcut = 8 Å, and a Gaussian smearing width of 0.5Å.
We note that the optimal orbital basis found above, characterized by

n = l = 8, lacks explicit chemical meaning and primarily reflects the internal
workings of SOAP, whose description is limited to 3-body interactions.
Other descriptorsmay reach comparable accuracy using smaller orbital sets.
The atomic cluster expansion (ASE) from ref. 74 builds a systematic
expansion over multi-body terms. As a result, a smaller orbital basis can
suffice to reach similar prediction accuracy. However, as SOAP provides
satisfactory accuracy, we leave further optimization of the ML framework
for future studies.

Each datapoint gets a SOAP vector assigned. The target is themagnetic
moment from DFT. We train a Random Forest regression model75 imple-
mented via the scikit-learnPython library76. Themodelwas trainedwith400
decision trees, using a square root strategy for feature selection at each split, a
maximum tree depth of 30, and no bootstrapping. Alternative ML models
may yield similar performance and may be used as well, see Supplemen-
tary Note 3.

The fully trainedMLmodel is available in an open-source repository77

as a pickle object. The full training dataset, including all atomic structures
and corresponding DFT-computed magnetic moments, is also publicly
accessible there.

Adaptive k-point mesh
Obtaining Dirac cones with exchange splittings on the order of a few
meV is computationally challenging, given our large supercells,
requiring dense k-space sampling around K. To circumvent full BZ
sampling with a dense mesh, we implemented a Python code to con-
struct an adaptivemesh (Fig. 10). On this adaptivemesh, we obtain DOS
and PDOS by numerically integrating the band energies using a trian-
gular method62. Our code generates irreducible meshes at two specified
grid densities, replaces a predefined region around K of the coarse mesh
with the dense one, and passes the resulting k-points to Quantum
Espresso. As shown in Fig. 11, this successfully recovers the expected
DOS of Dirac cones.

Fig. 9 |Model convergence and error scaling.MSE as a function of a the SOAPbasis
set size and b the used training set size.

Fig. 10 | An exemplary adaptive k-mesh with 20 × 20 kpoints across the full BZ.
The region around the K point is replaced with a three times denser mesh.

Table 1 | CGT/Gr structures in the training dataset of the
ML model

#
atoms

#
C
atoms

#
Structures

θ [°] sym.
shift

sym.
broken

δIL[Å] nk

80 50 4 30.00 1 0 ±0.1 42

102 62 14 8.94 2 5 ±0.1, ±0.2 42

174 104 14 26.99 2 5 ±0.1, ±0.2 18

218 128 1 0.00 0 0 18

224 134 9 12.21 1 1 ±0.1, ±0.2 12

236 146 9 5.81 1 1 ±0.1, ±0.2 12

242 152 5 23.41 1 1 ±0.1, ±0.2 12

302 182 10 3.00 2 2 ±0.1, ±0.2 9

314 194 9 14.7 2 1 ±0.1, ±0.2 9

In the first two columns, the number of (carbon) atoms is given. The third column lists the number of
considered structures. This number results from the changes (relaxation, lateral shifts, interlayer
displacements) that were additionally applied to each structure and added to the dataset. The twist
angle θ denotes the rotational angle between the two layers. Lateral shifts are applied in two ways,
symmetry-retaining and symmetry-breaking shifts. The number of such operations applied to each
structure is given in columns 5 and 6. Next, the considered vertical shifts δIL from the equilibrium
dIL = 3.55Å, and finally, the number of used kpoints nk are indicated.
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Data availability
The fully trained ML model is available in an open-source repositor-
y~(https://github.com/lukas-cvitkovich/CGT_Gr) as a pickle object. The
full training dataset, including all atomic structures and corresponding
DFT-computed magnetic moments, is also publicly accessible there.
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