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We introduce a machine learning framework that efficiently predicts large-scale proximity-induced
magnetism in van der Waals heterostructures, overcoming the high computational cost of density
functional theory (DFT). We apply it to graphene/Cr2Ge2Te6, which exhibits a previously unrecog-
nized dichotomy. Unlike the spin polarization at the Fermi level, which follows the pseudospin, the
proximity-induced magnetic moments vary across carbon atoms, defying analytical modeling. To
address this, we develop an ensemble-based regression model trained on DFT data and employ local
environment descriptors to map the local (∼ 2 nm2) atomic-scale geometry to the carbon magnetic
moments. Besides demonstrating locality, the model reveals rich magnetic moiré textures. Crucially,
this method can be broadly applied to orbital and spin proximity effects that are highly sensitive
to local atomic environments and are beyond analytical description.

Integration of twisted 2D materials into van der Waals
(vdW) heterostructures allows tailoring of electronic, op-
tical, and magnetic properties [1–7] for ultrafast and low-
power electronic and spintronic [8] devices. One par-
ticularly promising strategy is to harness proximity ef-
fects, enabling superconductivity [9, 10] or strong spin-
orbit coupling [11–21] in materials lacking these features.
Furthermore, when bringing non-magnetic 2D materials,
such as graphene or transition metal dichalcogenides [22],
in contact with a magnetic material, a proximity-induced
magnetic exchange interaction can arise [21, 23–31].
Once a non-magnetic channel acquires an exchange field
via proximity, it can support spin precession [32–34], spin
filtering [23, 35], or valley-selective spin dynamics [36],
enabling spintronic device platforms.

Among 2D materials for proximity-induced phenom-
ena, graphene stands out for its exceptional spin trans-
port [32, 37–39]. Magnetism in graphene can be in-
duced via proximity exchange coupling to ferro- or an-
tiferromagnets, ideally preserving its intrinsic transport
by avoiding charge transfer and parasitic channels. Suit-
able magnetic materials include semiconductors or insu-
lators such as Cr2Ge2Te6 [16, 40, 41], EuO [23, 42–44],
or CrI3 [36, 44–49], but also ferromagnetic metals such
as Co or Ni, separated from graphene by hBN [50].

Proximity exchange coupling [2] has been studied the-
oretically [23, 26, 50–54] and experimentally [54–56],
showing sensitivity to interlayer distance [23, 26] and tun-
ability by twisting [4, 5, 26, 28] and gating [50, 51, 55, 56].
Complementary to scanning tunneling microscopy [57],
density functional theory (DFT) currently provides the
only reliable means to investigate proximity effects at the
atomic scale [23, 26, 50–53], 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 patterns [58, 59], as well as
spatial variations from local structural inhomogeneities
and the role of local stacking configurations (“registries”)
in proximity effects [60], remain largely unexplored.

In this work, we reveal pronounced atomic-scale fluc-
tuations in proximity-induced magnetic moments in
graphene stacked with a ferromagnetic semiconductor
monolayer Cr2Ge2Te6 (CGT). This behavior contrasts
sharply with the spin polarization of Dirac electrons,
which is locked to the pseudospin, leading to the fol-
lowing classification of proximity effects in graphene: (i)
pseudospin-preserving, producing a largely uniform and
predictable texture captured by a lattice Hamiltonian;
and (ii) pseudospin-breaking, which are inherently local
and defy simple atomistic modeling. Spin polarization at
the Fermi level falls into type (i), when the Dirac states
are only slightly perturbed [26]. But whenever the hy-
bridization with the proximitizing layer is resonant—as
in graphene/hBN/Co [61] or, in our case, the deep pz
band states in graphene/CGT affecting the carbon mag-
netic moments—the proximity effects are of type (ii).

How can we model non-perturbative, class (ii), prox-
imity effects? Can we, as for class (i), go beyond DFT
and develop a methodology to efficiently predict proxim-
itized quantities, such as the magnetization for arbitrary
stackings, by mapping the local atomic-scale geometry
to the induced response? As we demonstrate here, ma-
chine learning (ML) provides a compelling, computation-
ally efficient alternative to expensive DFT simulations.
Our premise is simple: assuming that the magnetic mo-
ment of each carbon atom is fully determined by its local
atomic environment, we train an ML model using atomic
geometries as input and DFT-calculated magnetic mo-
ments as targets, see Fig. 1. Remarkably, besides ac-
curate predictions, this model also gives a measure of
how local the proximity effect is. Below, we apply it
to twisted graphene/CGT, which features both proxim-
ity types (i) and (ii), and is experimentally relevant for
spin transport [16, 27, 31]. We show, for example, that
the magnetic moment of a carbon atom depends only on
a small surrounding region of ∼2 nm2. The ML model
predicts large-scale magnetic textures and generalizes to
much larger systems, enabling predictions for structures
with millions of atoms, arbitrary twist angles, as well as
other pseudospin-breaking proximity effects.
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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. (b)
We 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 structural/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.

Crystal structures.—We consider van der Waals het-
erostructures composed of graphene and CGT with twist
angles from 0◦ to 30◦, sampled in steps of approximately
3◦, following Ref. [26]. To construct commensurate su-
percells, as shown in Fig. 1, the monolayers are strained
by up to 3%. In addition to the equilibrium interlayer
distance of dIL = 3.55 Å, we include configurations with
altered separation of ±0.1 and ±0.2 Å. The dataset is fur-
ther diversified by incorporating structures with lateral
shifts between the layers. For details, see appendix.

Machine Learning framework.—We train our ML
model on data from the plane-wave DFT code Quantum
Espresso [62]. To ensure that the machine learning model
captures only the intrinsic geometry–magnetization re-
lationship (independent of arbitrary rotations or trans-
lations) we represent atomic environments using the
Smooth Overlap of Atomic Positions (SOAP) descrip-
tor [63] as implemented in the DScribe Python li-
brary [64, 65]. It provides a rotationally and transla-
tionally invariant fingerprint of the local atomic struc-
ture. SOAP maps the atomic coordinates within the lo-
cal environment (being specified by a cut-off radius rcut)
onto a single column vector. The underlying machin-

ery calculates overlaps between virtual atomic orbitals
placed at the atomic positions of the input structure [63].
The best prediction accuracy is obtained with the high-
est tested description complexity (for quantitative results
see appendix), suggesting that the induced magnetiza-
tion arises from complex hybridization effects driven by
subtle variations in local atomic and chemical environ-
ments. We note that the choice of descriptor is not
unique; more advanced schemes such as the atomic clus-
ter expansion [66], may match SOAP’s accuracy with
smaller orbital sets.

While the SOAP vectors serve as input (feature) for
our ML model, the output (target) is the induced mag-
netic moment. The model learns a mapping from SOAP
descriptors of the local atomic environment to the DFT-
computed magnetization, capturing complex, non-linear
dependencies without requiring explicit physical model-
ing. We train a random forest regression model [67] im-
plemented via the scikit-learn Python library [68] on our
DFT data. Random Forest regression is an ensemble
learning method that predicts a continuous target vari-
able by averaging the outputs of multiple decision trees,
each trained on a random subset of the data and fea-
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tures. Other ML algorithms like gradient-boost regres-
sion achieve similar prediction accuracy. For a compari-
son and further technical details, see appendix.
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FIG. 2. The accuracy of the ML model is largely determined
by the descriptor’s cut-off radius rcut which defines the local
environment. The prediction error saturates at rcut = 6 Å.

Locality of proximity-induced magnetization.—A cen-
tral assumption of this work, based on observations dis-
cussed in the appendix, is that the magnetization of a C
atom in the CGT/Gr heterostructure is governed solely
by its local atomic environment. To test this, we ana-
lyze the dependence of the prediction accuracy on the
cut-off radius rcut of the SOAP descriptor, which de-
fines the spatial extent of the local environment. Due
to the polynomial weighting scheme (see appendix), all
atomic orbitals effectively vanish beyond rcut, meaning
that overlap between two orbitals is only captured if the
atoms are within a distance of 2rcut.
As shown in Fig. 2, the mean squared error (MSE)

of the predictions saturates for rcut > 6 Å, indicating
that increasing the descriptor range beyond this point
provides no additional information. We therefore con-
clude that the proximitized magnetic moment of each
C atom is determined by its local atomic environment
within 12 Å containing about 100 CGT atoms.
Verification within the DFT data set.—We assess the

accuracy of the ML model using testing data from our
DFT dataset. The dataset is randomly split into a train-
ing set and a test set for evaluation, see appendix. In to-
tal, the dataset comprises 9498 samples, each consisting
of a C atom, its local atomic environment, and the corre-
sponding induced magnetic moment. Model performance
is quantified using cross-validation on 10% of the data,
yielding MSE of 2×10−9 µ2

B, corresponding to an average
absolute prediction error of approximately 4.5× 10−5µB.
Given average magnetic moments of 0.4×10−3µB, the de-
viation between predicted and DFT-computed magnetic
moments is around 10%.

Functional dependency.—Machine learning proves ef-
fective, but is it truly essential? To explore this, we
investigated analytical models that relate atomic ge-
ometry to induced magnetization. A natural guess

FIG. 3. Two types of proximity effects. Presented are DFT
simulations for graphene/CGT at twist angle θ = 8.948◦. (a)
Sublattice-determined spin polarization P (EF ) of the carbon
atoms in the supercell. The spin polarization has only two
values, locked to the pseudospin, being of type (i). The pseu-
dospin character of P (EF ) is further reflected in the calcu-
lated projected density of states (PDOS) around Fermi en-
ergy EF for the two indicated sublattices, shown in (c). The
curves are not smooth due to computational limitations. (b)
Distribution of the carbon magnetic moment. The values are
widely spread, showing its type (ii) pseudospin-breaking char-
acter. (d) Band structure for spin-down bands with color-
coded projections on Te states. Anti-crossings (gray circles)
indicate resonant hybridization, affecting the local proximity
magnetic moments, between Te valence states and graphene
pz orbitals.

would be exponentially decaying interactions, modeled

as
∑

j

∑
i Cj exp(−κjd

(j)
i ), where d

(j)
i denotes the dis-

tance between the central C atom and neighboring atoms
i of type j, and κj are decay parameters for each atom
type j = {Cr, Te, Ge}. This form, however, reveals
no meaningful correlation when all neighbors are consid-
ered. A weak correlation emerges only when restricting
the model to Te atoms, which lie closest to the graphene
layer. Corresponding correlation plots are provided in
the appendix. On the one hand, the correlation for Te
atoms points towards an interaction between the directly
adjacent atoms of both monolayers. On the other hand,
the weak correlation (Pearson coefficient of 0.3) shows
that the proximity-induced magnetization is highly sen-
sitive to microscopic details of the atomic arrangement,
which are complex to capture, further justifying the use
of ML.

Fermi level properties.—An atom’s magnetic moment
reflects the net spin polarization accumulated across all
occupied electronic states up to the Fermi level. Since
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FIG. 4. Magnetic moiré patterns emerging in larger simulation cells for various twist angles θ as predicted by the ML model.
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◦.

spin transport is governed by states at the Fermi level,
we next focus on analyzing the spin-resolved properties
specifically at this energy.

In order to resolve exchange splittings on the order of a
few meV, sampling of the Brillouin zone (BZ) around the
K point, where the graphene Dirac states cross the Fermi
energy, requires a dense k-point mesh. Uniform k-grids
in combination with the large simulation cells considered
in this work are computationally hardly feasible. We
have therefore implemented an adaptive k-point mesh,
see appendix. This approach allows for a trade-off be-
tween sufficient sampling around K, while also delivering
accurate states at lower energy and across the full BZ. In
order to investigate the atom-resolved Fermi level prop-
erties, we apply 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. The results sig-
nificantly outperform the uniform QE calculations (see
appendix).

To this end, after the electronic structure is obtained
from DFT, we perform a projection onto a localized
atomic basis and integrate across the BZ using a linear
triangular method [69] to obtain the projected density of
states (PDOS) of each C atom, respectively. As shown in
Fig. 3, only two types of PDOS appear which can readily
be associated with the sublattice of the graphene layer.
This is a sharp contrast to the wide spread in magne-
tization among the atoms. Furthermore, while in this
example the magnetic moments all align in the same di-
rection, at the considered twist angle θ = 8.948◦, the
spin polarization is ferrimagnetic. Validating the simple
Hamiltonian from Ref. [26, 50] which treats the sublattice

of graphene separately, the PDOS is precisely mirrored
about the Dirac point between sublattice A and B. The
local atomic environment leaves the spin polarization at
the Fermi level unchanged. Figure 3 thus nicely illus-
trates the dichotomy of proximity effects.

Microscopic origin.—In order to clarify the origins of
the distribution of magnetic moments, we consider the
band structure in Fig. 3d. 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. Projections on atom types
Cr and Ge are provided in the appendix.

For an atom-resolved analysis, we calculate the atom-
projected spin polarization P (E) = PDOSup(E) −
PDOSdn(E) along the full energy range which gives
the total magnetization of each atom by m(E) =∫ E

−∞ P (E′)dE′ (see appendix). Close to the Fermi en-

ergy, m(E) is virtually the same for each C atom. The
difference in magnetization is mainly accumulated at the
energy range from -3 to -0.5 eV, confirming the observa-
tions from Fig. 3d.

Large scale results.—Finally, we apply the ML model
to predict magnetic textures of practically relevant sys-
tem sizes. For this purpose, we combine completely un-
strained layers of CGT and graphene and overlay them
with varying twist angles θ considering the equilibrium
dIL of 3.55 Å. Most importantly, we find magnetic moiré
patterns arising as a result of periodically recurring lo-
cal environments of the heterostructures, see Fig. 4. The
extent as well as the quantitative fluctuations of these
patterns is highly dependent on the twist angle θ. The
moiré patterns appear on scales which are far from fea-
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sible DFT calculations.
Proximity-induced magnetism in twisted

graphene/CGT heterostructures exhibits fluctua-
tions on two distinct length scales. On the atomic scale,
neighboring carbon atoms can experience markedly
different induced magnetic moments, even within the
same local stacking region. This variation arises from
subtle changes in their atomic environments which
directly affect orbital hybridization. Consequently,
such fluctuations cannot be captured by effective moiré
potentials that average over several unit cells [70]. On
the moiré scale, additional modulation emerges from
the global twist-dependent stacking pattern, giving rise
to long-range periodicity in the induced magnetization.
Capturing both scales simultaneously requires an ap-
proach sensitive to local atomic detail while remaining
scalable to large systems—precisely the gap addressed
by our machine learning framework.

Conclusions.—We have demonstrated that
the proximity-induced magnetization in twisted

graphene/CGT heterostructures is governed by the
local atomic environment. Using a SOAP-based Ran-
dom Forest model trained on an extensive DFT data set,
we achieve accurate predictions of magnetic moments
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, the machine learning approach
successfully encodes complex geometric dependencies.
Our results highlight the potential of data-driven
methods for investigating proximity-induced properties
such as magnetism, charge distribution, and spin–orbit
coupling in van der Waals heterostructures, when the
local atomic environment governs these effects.
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Appendix A: Training Dataset and DFT setup

An overview of the complete dataset used for training of the ML model is given in Tab. I. All structures are
relaxed to consider correct interlayer distances dIL and rippling of the graphene layer (< 1 pm) [26]. We consider
heterostructures with twist angles θ ranging from 0 to 30◦ in steps of 3◦. One structure (at θ ≈ 18◦) was removed
due to unrealistic strains and band offsets in the commensurate supercell. Lateral shifts are applied in two ways.
The dataset is based on commensurate supercells with a three-fold rotation symmetry. The rotation symmetry is
handy in terms of computational costs, however, reduces the information contained in such a calculation. For ML,
a more diverse dataset is required (which is not clear a priori and only realized after obtaining large errors in the
predictions using the too small data sets). We have thus extended our dataset by three measures. First, by translation
of the graphene layer, retaining the three-fold rotation symmetry. Second, by rigid, lateral, and randomized shifts
which break the remaining symmetries (apart from time-reversal symmetry). Finally, we consider additional interlayer
distances where the whole graphene layer is moved toward (away) from the CGT layer by 0.1 Å. In total, 75 different
structures with 9498 C atoms are contained in the data set.

The calculations were carried out using plane-wave DFT as implemented in the code Quantum ESPRESSO. Ac-
cording to the system size, the k-point mesh has been chosen as listed in Tab. I. Data for the ML training set –
in contrast to the data for the detailed analysis of the magnetization mechanism – is calculated based on standard
uniform meshes. Furthermore, we used PAW pseudopotentials with scalar relativistic non-linear core correction [71]
in combination with the PBE functional [72]. Correlation effects of Cr 3d electrons are considered by a Hubbard
correction of U = 1.0 eV . In Ref. [73], it has been shown that the system becomes in-plane anisotropic for U < 0.2 eV,
and that the interlayer coupling becomes antiferromagnetic for U > 1.7 eV, contradicting the experiment. Therefore,
the U values within the range of 0.2-1.7 eV are argued to be a reasonable choice. Our Hubbard U is in the middle of
this range.

TABLE I. CGT/Gr structures in the training dataset of the ML model. In the first two columns, the number of (carbon)
atoms, are given. The third row 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 both layers. Lateral shifts are applied in two ways, symmetry-retaining and
symmetry-breaking shifts. The number of such operations applied to each structure are given in column 5 and 6. Next, the
considered vertical shifts δIL from the equilibrium dIL = 3.55 Å, and finally, the number of used kpoints nk are indicated.

# 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

Appendix B: Descriptors for atomic environment

Suitable descriptors which transform a configuration of atoms into an abstract mathematical object are motivated
by the key requirement of any machine learning model, namely the availability of objectively evaluated features of
the data.

We start with a simple home-made descriptor. This descriptor takes the three spherical coordinates r,Θ, ϕ and
the magnetic moment of the respective atom type (intended to mirror the type of atom as well as it’s capability to
proximitize the C atom in the graphene layer) from its nearest neighbors within a cut-off radius of 16 Å. The correlation
between DFT and ML predictions is shown in Fig. 5. Although the prediction works well in some cases, delivering
seemingly satisfying results, the mean squared error is 7.5× 10−9µ2

B, resulting in an prediction error of 8.6× 10−5µB



9

– two times higher than the error obtained with SOAP-based predictions. The improved predictions when using the
more sophisticated SOAP approach is another evidence for the complexity of the hybridization process.

FIG. 5. Correlation between DFT-calculated and ML-predicted values when using our home-made descriptor (see text).

Due to the above mentioned limitation, we have moved to the Smooth Overlap of Atomic Positions (SOAP)
descriptor [63] as implemented in the DScribe Python library [64, 65]. The SOAP descriptor is design to represent
atomic structures and has been found useful for interatomic force fields [74, 75]. Effectively, it maps an input atomic
structure to a column vector. The entries of this vector are determined by the overlap of hydrogen-like orbitals which
are placed on each atom within a distance of 2rcut [63]. Its length depends on the specified parameters (determining
e.g. the size of the orbital basis sets). In general, more precise descriptions can be expected for larger orbital basis
sets. The descriptor uses a basis of radial functions and spherical harmonics, controlled by parameters n and l,
respectively. These define the resolution of radial and angular features in the local environment. As shown in Fig. 6,
a minimum of n = 2 and l = 3 (i.e., including up to f -like angular components) is necessary to qualitatively capture
the induced magnetization. The lowest MSE is achieved with the highest tested complexity, n = l = 8, showing that
the induced magnetization is a result of complex hybridization rooted in small differences between local atomic and
chemical environments. We find increased accuracy in the ML predictions when weighting the atomic density by a
polynomial function [1 + 2(r/rcut)

3 − 3(r/rcut)]
m as suggested in Ref. [76]. This polynomial goes exactly to zero at

r = rcut if m > 0. For our predictions, we choose m = 1, use a cutoff radius of rcut = 8 Å, and a Gaussian smearing
width of 0.5 Å.
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
descriptors can reach comparable accuracy using smaller orbital sets. The atomic cluster expansion (ASE) from
Ref. [66] 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 highly satisfactory accuracy, we leave further optimization
of the ML framework for future studies.

FIG. 6. MSE as a function of the SOAP basis set size and used training set size.
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FIG. 7. Comparison of four ML models trained on data encoded by the SOAP descriptor.

Appendix C: Machine Learning Model

In the input data for training the ML model, each datapoint, i.e. each C atom in the DFT dataset, gets a SOAP
vector assigned by considering the orbital overlaps in its local vicinity. The target is the magnetic moment from DFT.
As a matter of fact, the ML model has the same purpose as a DFT calculation: To determine electronic and spin
properties from a given atomic configuration. Its efficiency, however, exceeds DFT by several orders of magnitude.

The forest regression model [67] was trained with 400 decision trees, using a square root strategy for feature selection
at each split, a maximum tree depth of 30, and no bootstrapping.

Next, we compare the performance of the random forest regression model to other types of ML algorithms. To
this end, we compare the previously employed random forest regressor (RFR) to three other ML algorithms. Two of
those, the Gaussian process regressor (GPR) [77] and the gradient boosting regressor (GBR) [78] are taken from the
same SKlearn Python package. The last one, XGBR is also a gradient boosting regressor but taken from the package
xgboost [79] and is expected to train faster and to achieve slightly better accuracy. For this comparison, we renounce
to tune the hyper-parameters of each model separately, but simply match the parameters of each model to the RFR
reference. As shown in Fig. 7, all models exhibit comparable performance. Notably, the XGBR model achieves the
lowest error, improving upon the RFR baseline by approximately 20%. While the predictive power of our approach
primarily arises from the accurate representation of the atomic environment, the specific choice of machine learning
algorithm can further enhance the overall prediction accuracy.

The ML model is computationally efficient: training with optimal SOAP parameters completes in under 10 minutes
on a single Intel Core Ultra 7 165U core. Large-scale predictions are similarly fast; for example, a heterostructure
containing 106,000 atoms as used for plots in Fig. 4 (main text) is evaluated in 950 seconds. The primary computational
bottleneck remains the generation of the DFT training data, which required about 1.5 million core hours.

The fully trained ML model is available in an open-source repository[80] as a pickle object, ready for direct use
in predicting magnetization in arbitrary graphene/CGT heterostructures. A Python example script is provided for
reference. The full training dataset, including all atomic structures and corresponding DFT-computed magnetic
moments, are also publicly accessible there.
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Appendix D: Impact of local atomic environment

This section is devoted to investigate the induced magnetic moments with respect to small changes of the environ-
ment, considering only DFT calculations. We demonstrate how sensitive the proximity-induced magnetization is with
respect to these changes and specifically discuss the origin of the (anti-)parallel alignment between proximity-induced
moments and CGT magnetization.

In all our DFT calculations, we find spreads of the magnetic moments. Although, in 96% of the cases, the
magnetization is anti-parallel to the magnetization of the CGT layer (indicated by negative values in our dataset),
in some cases, the magnetic moments are aligned with the CGT magnetic moment. In both single-layer CGT
and our heterobilayer, Cr atoms possess a large magnetic moment of about 3.5µB, driving the overall out-of-plane
magnetization. The Cr atoms are in the center of the CGT layer. Te atoms, on the other hand, are at the outermost
positions and exhibit a magnetic moment of -0.2µB. The magnetic moments of directly neighboring Te and C atoms
are usually aligned in parallel.

First, in Fig. 8 we show the impact of a small lateral shift of the graphene layer with respect to the CGT using one
exemplary structure (174 atoms in Tab. I). Despite the small shift of 0.2 Å – 3% of the CGT unit cell – the resulting
magnetization differs strongly from the initial pattern. Surprisingly, even the relative differences between neighboring
atoms are lost.

FIG. 8. Induced magnetic moment when the lattice is shifted by 0.1 Å with all other properties like the twist angle held
constant. Even such small changes in the atomic environment influence the effective proximitized interactions.

Next, we present the impact of varying interlayer distance. We consider the structure with 242 atoms shifted
by -0.1 Å and +0.1 Å from the equilibrium position, the latter being one particular example showing many positive
moments at the C atoms. In Fig. 9, a different color map is chosen to better distinguish between positive and negative
values. In contrast to the lateral shift in Fig. 8, the magnetization pattern persists between both cases. The lateral
position is decisive for the relative magnetization among the atoms. It is quite clear, however, that the proximity
exchange depends very strongly on the interlayer distance. Moving the graphene layer away from the CGT results
in drastically reduced magnetic moments. As a result, these structures are also more likely to have C atoms with
positive magnetic moments, i.e. in parallel with the CGT magnetization. This can be interpreted as a decay of the
proximity interaction with Te atoms while the (previously covered) interaction with Cr atoms (or the whole CGT
layer) becomes dominant.

Finally, we discuss typical atomic environments (“registries”) associated with the rare finding of positive magnetic
moments appearing even in structures with equilibrium dIL or below (so strong interactions can be expected). Three
representative cases are presented in Fig. 10. It is obvious that these cases fulfill two conditions. First, the positively
polarized C atom is maximally distanced to all negatively polarized Te atoms. Second, the C atom overlaps with
another atom which also carries a positive magnetic moment, so Cr or Ge (which has a magnetic moment of 0.6µB).
Nevertheless, these prerequisites are not more than a rule of thumb. We have also observed configurations with
C atoms overlapping with both Cr and Ge atoms where the induced magnetic moment is negative. Furthermore,
significant interactions with Cr or Ge are not expected from the band structure in Sec. H and because they are not
directly neighboring the C atoms. We conclude that the exact moment is set by other details of the local environment,
whose complexity justify and even necessitate the application of machine learning techniques.

Given the quite different lattice parameters of the two materials, directly neighboring atoms face a completely
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FIG. 9. Induced magnetic moment with the interlayer distance decreased (left) or increased (right) with respect by 0.1 Å with
respect to the equilibrium position. While the relative magnetization pattern between the atoms remains, the induced magnetic
moments are in general strongly diminished in the second case.

different atomic configuration above the CGT layer. Therefore, the induced magnetization changes on a very short
scale, the scale of a bond length, as can be seen for example in the magnetization maps of Fig. 8.

FIG. 10. Atomic registries resulting in a parallel alignment of the magnetization of the considered C atom (indicated by an
arrow) and the CGT layer. The prototypical configuration are C atoms above Cr or Ge atoms. Their neighboring atoms face
the “opposite” atomic environment, with mostly Te atoms as their neighbors. Therefore, their magnetization is often flipped.

Appendix E: Verification of the ML model within the DFT data set

As already described in the main text, we use our DFT data set to internally validate the ML model. The accuracy
of the ML model is evaluated using a randomly split DFT dataset comprising 9498 samples, each representing a
carbon atom, its local atomic environment, and the corresponding induced magnetic moment. 10% of this data have
been isolated for the testing process and are used for predictions by the trained ML model. The model performance
is assessed via the mean squared error (MSE) between ML prediction and DFT results. The correlation plot of this
data is shown in Fig. 11. Using the optimal SOAP parameters (see Sec. B), we obtain a MSE of 2× 10−9 µ2

B , which
corresponds to an average absolute prediction error of approximately 4.5× 10−5 µB . Compared to typical magnetic
moments of 0.4× 10−3 µB , the model achieves an accuracy within ∼10%.

Appendix F: Analytic models

Although several lines of evidence suggest that the magnetic moments arise from a complex hybridization process,
we seek to explain the distribution of induced magnetic moments observed in DFT using a simple analytical model.
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FIG. 11. Verification of the ML model within the DFT dataset (data scaled for visualization). 90% of the data has been used
for training, the remaining 10% serve as the testing data.

Specifically, we consider the overlap between spherical orbitals centered on the C atoms and those of the CGT-layer
atoms. Without further specifying these orbitals, we assume that the overlap between the orbitals varies exponentially
with the distance between C and CGT atom. Similar to the ML approach, only atoms within a distance of 16 Å are
considered. Furthermore, we assign different prefactors Cj and exponential decays κj for each atom type j = {Cr,
Te, Ge}. Correspondingly, we can build an effective interaction as

∑
j

∑
i Cj exp(−κjd

(j)
i ), where d

(j)
i denotes the

distance from the C atom to each atom i in the CGT layer. By means of the prefactors Cj , the interaction between
various atom types can be controlled. Despite scanning a large parameter space, these efforts did not result in a
quantitatively meaningful model. As already indicated by the PDOS-derived magnetization (see Fig. 3), we suspect
that the underlying physical interactions are driven by complex hybridization between Te orbitals and states deep in
the valence band of graphene – a process which can not be described by the exponential decay model. Interestingly,

FIG. 12. Correlations between DFT magnetic moments and our simple exponential decay model (see text). In the left panel,
only Cr atoms are considered and the correlation is virtually non-existent (Pearson correlation coefficient below 0.1). A weak
correlation is found when considering only Te atoms as shown in the right panel (Pearson correlation coefficient of 0.3).

while at least a weak correlation (Pearson coefficient of 0.3) is found when considering only Te atoms (CCr = CGe = 0),
there is no significant correlation when only Cr atoms are considered as shown in Fig. 12 (Pearson correlation coefficient
below 0.1). This observation is largely independent of κj . The same is true for Ge atoms, and combinations of several
atoms (not shown). We conclude that distance vectors to neighboring atoms alone are not suitable to account for
the induced magnetic moment. However, we take the weak correlation with Te distances as a further indication for
our presumption that the proximity-induced magnetization is enabled via hybridization with Te orbitals, the direct
neighbors of the graphene layer.

In addition, we have also tried other functional forms (polynomials) and also to find a correlation by means of
symbolic regression [81, 82] which is a method to fit to arbitrary functions (build from a pre-defined set of functions
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FIG. 13. An exemplary adaptive k-mesh with 20x20 kpoints across the full BZ. The region around the K point is replaced
with a 3 times denser mesh, improving the accuracy of our (P)DOS description around the Dirac point significantly without
exceeding practical computational limits.

FIG. 14. Results for the total DOS as obtained by an irreducible BZ based on a uniform grid with 42×42 k-points compared to
the same calculation using an adaptive k-grid using a 5-fold denser mesh around K. In this case, the total number of k-points is
increased by 76% (compared to 400% for the same accuracy around EF using a uniform mesh). The outcome is more accurate
at K (left panel) without distorting the DOS at other energy levels (right panel).

containing polynomials, sin, and exp functions in our case). However, also the symbolic regression approach delivers
only a simple exponential form which fits the data badly and could not find any other (potentionally more complex)
functional dependency. The lack of an analytic functional dependency further underlines the need for ML to accurately
model the proximity-induced magnetic structure in VdW heterobilayers.

Appendix G: Adaptive k-point mesh

Obtaining the Dirac cones with exchange splittings on the order of a few meV is a computationally highly challenging
task given our large supercells. It requires sampling of the k-space with a dense grid around K. Sampling the full BZ
with such a dense k-mesh is computationally not feasible. Fortunately, other regions in k-space can be sampled by a
less dense mesh without significant errors. We have therefore implemented a Python code to construct an adaptive
mesh for the DFT calculations. On this adaptive mesh, we can then obtain DOS and PDOS by numerically integrating
the band energies using a triangular method [69] as depicted in Fig. 13. For the sake of clarity, we show the mesh
spanned over the full BZ, while in the DFT calculation, only the points of the irreducible BZ, a much smaller subset
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depending on the crystal symmetries, are considered.

Adaptive meshes are not implemented in Quantum Espresso so this functionality is enabled through the backdoor.
Our code first generates irreducible meshes at two specified grid densities, then replaces a predefined region around K
of the coarse mesh with the dense one. The resulting list of k-points is passed on to Quantum Espresso. In Fig. 14, a
comparison between the DOS obtained via the established non-uniform mesh versus the adaptive mesh, shows a clear
improvement, recovering the expected DOS of Dirac cones. The DOS of both spin bands does not go to zero because
the exchange-split bands overlap at all energies, also at EF.

Appendix H: Hybridization mechanism

To investigate possible hybridization processes in the system, we analyze the spin-resolved band structures in the
heterostructure projected onto the atomic orbitals of CGT. The band structures are shown separately for spin-up
and spin-down channels and distinguish contributions from the various atomic species. In the projection considered
here, states with significant weight on the indicated atom type are highlighted, allowing a clear identification of their
involvement in any hybridization features.

FIG. 15. Band structure projected on Te orbitals, where the color scale indicates the contribution of Te for spin up (left) and
spin down (right).

Notably, several avoided crossings (anti-crossings, marked by gray areas) with the Graphene orbitals (linear dis-
persion) are observed within the band structure. However, a closer inspection reveals that these anti-crossings occur
exclusively in bands that carry notable spectral weight from Te atoms. This conclusion is supported by complemen-
tary plots in Fig. 15 and Fig. 16 using a color code to indicate atomic orbital contributions. Apparent from Fig. 15,
the interacting bands predominantly show Te contributions. Furthermore, anti-crossings with large splittings occur
mainly in the spin down channel, which is also the predominant magnetization direction of Te atoms, cf. Sec. I. In
Fig. 16, the absence of color (black lines) signifies a lack of Ge or Cr character in those bands, further confirming
that the observed anti-crossings involve states not originating from Ge or Cr orbitals. Therefore, while hybridization
effects are present in the system, they do not appear to directly involve the Ge or Cr atoms in the energy window of
interest.

Next, we investigate the energy range of the hybridization by means of the PDOS. As already pointed out in the
main text, we calculate the spin polarization P (E) = PDOSup(E) − PDOSdn(E) along the full energy range which

gives the total magnetization of the atom by m(E) =
∫ E

−∞ P (E′)dE′. As shown in Fig. 17, the magnetization is

accumulated at lower energies (mainly from -3 eV to -0.5 eV). As described in the previous paragraph, this energy
range is also where graphene and Te valence states hybridize, compare Fig. 15. The labels refer to the atoms in the
atomic structure on the right.
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FIG. 16. Band structure projected on (a) Cr and (b) Ge orbitals, where the color scale indicates the contribution of the
respective atoms for spin up (left) and spin down (right). The gray shaded areas mark anti-crossings which can directly be
associated with Te bands, see Fig. 3. Because the herein shown bands are black, hybridization with orbitals from other CGT
atoms does not occur.

FIG. 17. Magnetization m(E) obtained from the DFT-derived spin polarization for some representative C atoms at θ = 8.948◦.
Differences are mostly picked up at energies between -3 and -0.5 eV, the energy range where graphene bands hybridize with the
neighboring Te, cf. Fig. 3. Their position in the atomic structure is indicated by the labels.
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Appendix I: Charge redistribution in interfaced layers

In order to further examine the hybridization mechanisms and charge/spin redistributions provoked by the presence
of both layers in the heterobilayer structure, we illustrate the induced spin density in Fig. 18. To this end, we first

calculate the induced charge density for spin up and down, respectively: ρ↑,↓ind = ρ↑,↓tot − ρ↑,↓CGT − ρ↑,↓Gr , where the charge
density of the single layers (CGT/Gr) are subtracted from the complete heterobilayer ρtot. Thus, this quantity
contains information about the charges/spins induced by the stacking of the layers. Then, the spin density is readily

obtained as σ = ρ↓ind − ρ↑ind. The depicted spin density is calculated for the energy range from -7 to -2 eV, covering
the energy range where the total magnetic moment in mostly generated, cf. Fig. 17 or Fig. 3 in the main text.

FIG. 18. Side (left) and 3D view of the induced spin density in the stacked hetero-bilayer. Light-blue isosurfaces show an
increase of spin up density, while yellow isosurfaces depict an increase of spin down density. The dark blue areas are cuts
through the bubbles at the periodic supercell border.

In Fig. 18, blue isosurfaces depict an increase of spin up density, while yellow isosurfaces depict an increase of spin
down density. A distinctive feature is the emergence of spin up “channels” reaching from Cr to Te atoms. Furthermore,
the spin up density is increased in the region between the two layers.

Pronounced accumulation of spin down density, on the other hand, is primarily observed at the graphene layer,
magnetizing the C atoms in the direction of the CGT layer. In addition, an increase of the spin down density directly
underneath the Te atoms within the CGT layer is observed.

Comparing the atoms’ magnetic moments between single- and bilayer confirms these trends and completes the
conceptual understanding. Cr atoms are responsible for the magnetization of CGT itself, and also for the proximitized
graphene. Their magnetic moments are slightly decreased when CGT is brought into contact with graphene. The
proximitized interaction with the neighboring graphene layer is mediated via Te atoms (showing an anti-parallel
magnetization with respect to the Cr atoms). Accompanied by a charge/spin redistribution within the CGT layer,
the magnetic moment associated with the Te atoms is increased when the graphene layer is present. The spin density
redistributes from the Cr to the Te atoms. Magnetic moments induced at the C atoms typically align with the directly
adjacent Te moments.

Appendix J: Proximity-induced charges vs magnetization

Finally, we analyze the induced charges in the graphene layer. Assuming that only hybridization with pz orbitals
and no spin-orbit coupling occurs, the spin polarization of the Dirac cones is sensitive to the position of the Dirac point
with respect to the Fermi level. Therefore, this naive model suggests correlations between the induced magnetization
and the induced charge.

However, the (P)DOS of C atoms is notably small close to the Fermi level, and so is the spin polarization. The
magnetization, that is the integral of the spin polarization over a large energy range, including energy windows of
much larger (P)DOS, is therefore not suspected to change when charges are induced by proximity. We have tested
the DFT dataset for correlations between fluctuations in induced charge and magnetization. Underpinning the results
from Fig. 17, such a correlation is not found, as shown for one representative structure in Fig. 19.

Without touching on the subject, we note here that the induced charge is another quantity which could be effectively
predicted by ML.
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FIG. 19. Proximity-induced fluctuations in the charges and magnetic moments of the C atoms in the graphene layer.
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