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ABSTRACT
Raman spectroscopy is a widely used tool for nanoscale materials characterization, yet weak spectral features are often obscured

by strong and spatially variable background signals. This challenge is particularly severe in interfacial and low-dimensional

systems, where dominant substrate responses make conventional reference-based subtraction unreliable. Here, we introduce

a transformer-based deep learning framework for reference-free spectral unmixing that reconstructs substrate contributions

directly from partially observed spectra. By exploiting self-attention mechanisms to capture nonlocal spectral correlations,

the model learns complex background signatures without requiring dedicated reference measurements. Subtraction of the recon-

structed background enables the recovery of weak, previously inaccessible spectral features. We demonstrate the approach on

buffer layer graphene grown on silicon carbide, a prototypical background-dominated system, where the model reveals vibrational

signatures of the buffer layer otherwise hidden by the substrate response. The extracted features are validated against ab initio

calculations, confirming their physical origin. Beyond this specific case, the framework provides a generalizable strategy

for robust, automated spectral unmixing, compatible with real-time acquisition and closed-loop, artificial intelligence-assisted

experimental workflows.

1 | Introduction

Quantitative spectral analysis is a cornerstone of modernmaterials
characterization methods, yet the extraction of weak signals from
complex, stochastically variable backgrounds remains a funda-
mental challenge. In techniques such as Raman spectroscopy,
the physical signature of a studied material is often obscured
by dominant substrate responses, fluorescence, or environmental
noise. Traditional unmixing methods typically rely on the subtrac-
tion of a dedicated reference spectrum or various sophisticated
background-fitted curves that may not be physics-driven. How-
ever, these approaches are frequently compromised by minor
experimental fluctuations in focus, laser fluence, or local substrate

heterogeneity. This leads to artifacts and hinders the reliability of
automated or real-time analysis.

The emergence of artificial intelligence (AI) offers a data-driven
strategy to overcome these limitations. While machine learning
and deep learning frameworks have been increasingly applied
to Raman spectroscopy for qualitative spectral classification,
material identification, and pattern recognition [1, 2], leveraging
data-driven architectures for reference-free quantitative signal
unmixing remains a far less explored challenge. Specifically,
transformer architectures [3], originally designed for natural lan-
guage processing [4], have demonstrated a unique capacity for
sequence modeling by leveraging the self-attention mechanism.
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Unlike traditional convolution or linear models, transformers
can identify nonlocal correlations across the entire spectral
domain. This makes them particularly well-suited for spectro-
scopic problems in which weak physical signatures are embed-
ded across complex and variable spectral backgrounds.

The key advantage of the attention mechanism over principal
component analysis (PCA) lies in how they construct and utilize
high-dimensional spaces to capture relationships. While both
methods operate in high-dimensional environments, they do
so with entirely different conceptual foundations. In the atten-
tion mechanism, data exists within a learned embedding space.
The core foundation of this space is the semantic meaning and
context. Tokens (such as words or pieces of data) are mapped as
dense vectors, where vectors that are geometrically close to one
another share similar meanings or contextual usage. Within this
embedding space, the model uses learned Query, Key, and Value
matrices. These matrices dynamically project the existing embed-
dings to calculate the real-time, context-dependent relevance
between all tokens in a sequence. In contrast, PCA projects data
into a space defined by principal components. The core founda-
tion of this space is statistical variance, not semantics. PCA ana-
lyzes the original features of a dataset and constructs a new set of
orthogonal (perpendicular) axes. These axes are mathematically
ordered to capture the maximum possible spread of the data,
completely independent of any sequential or contextual relation-
ships between the data points.

This lack of contextual awareness makes static methods like PCA
not suited for complex physical systems where subtle features are
deeply intertwined with a dominant background. A particularly
challenging example of this scenario is represented by Raman
spectroscopy of graphene-related interfaces on silicon carbide
(SiC), where weak interfacial vibrational features are buried under
the substrate response. Graphene grown by thermal decomposi-
tion of SiC provides a scalable platform for graphene electronics
and quantummetrology [5–7]. During growth, silicon sublimation
from the SiC(0001) surface [8] leaves behind an interfacial recon-
struction known as buffer layer or zero-layer graphene (ZLG), a
layer where carbon atoms are arranged in a honeycomb lattice
while being partially covalently bonded to the SiC substrate
[9–11]. Unlike monolayer graphene (MLG), ZLG exhibits an elec-
tronic bandgap of 0.4–0.6 eV [12], making it particularly attractive
for electronic and optoelectronic applications. The recent demon-
stration of its excellent transport properties [13] further highlights
the growing interest in ZLG for scalable electronics. Also, ZLG has
emerged as a platform for stabilizing confined 2D materials,
including 2D gold [14] and other 2D metals [15].

Despite its potential, the controlled synthesis of high-quality ZLG
still remains challenging. Optimization of ZLG growth and the
realization of homogeneous layers critically depend on the avail-
ability of a straightforward and reliable characterization method.
Raman spectroscopy would be an ideal metrological tool due to
its speed, robustness, and ease of use [16], as well as its compati-
bility with closed-loop AI-assisted growth optimization work-
flows [17]. However, the vibrational fingerprint of ZLG is
obscured by the dominant SiC background. As a consequence,
Raman-based identification of ZLG often relies on weak and
indirectly extracted spectral features [18], making the analysis
slow, operator-dependent, and poorly suited for high-throughput

or real-time characterization workflows. This limitation is
particularly critical in the context of machine learning-driven
approaches for autonomous materials optimization [19], where
rapid and reliable spectroscopic feedback is essential.

In this work, we introduce SpectraFormer, a transformer-based
AI model framework for reference-free spectral unmixing of the
ZLG Raman signal from the SiC background. The model treats
Raman spectra as an ordered sequence of intensity values and is
trained to reconstruct the SiC response directly from partially
masked spectra and to ultimately extract ZLG signatures. We
compare the unmixed ZLG spectra with ab initio calculations
based on a high-fidelity supercell model, obtaining excellent agree-
ment and thus validating the physical reliability of the proposed
approach. In addition, SpectraFormer reveals physically meaning-
ful vibrational features overlooked in previous theoretical predic-
tions [20]. This approach offers a new route for real-time and
robust Raman analysis, bypassing the limitations of conventional
reference-based subtraction and enabling integration into closed-
loop AI-driven synthesis workflows. More broadly, our results
illustrate how the tight interplay between machine learning,
experimental data, and theoretical simulations can unlock new
capabilities in materials characterization [21].

2 | Results

To clarify the physical origin of the spectral unmixing problem
addressed in this work, we first consider the structural and spec-
troscopic evolution of graphene grown on SiC during thermal
decomposition. Figure 1a presents a schematic ball-and-stick
representation of the investigated system: a 4H-SiC(0001) sub-
strate is deprived of its Si atoms by thermal annealing. In partic-
ular, when three SiC bilayers are decomposed, the excess carbon
atoms rearrange on the surface and form the ZLG. By further
annealing at higher temperatures, deeper layers of the substrate
lose their Si atoms, and a new ZLG forms, transforming the for-
mer one into monolayer graphene. The latter one is now only
weakly interacting with the substrate, represented by the ZLG/
SiC(0001), and the topmost monolayer therefore develops all the
electronic properties typical of graphene. In the ZLG, instead,
one carbon atom out of three is covalently bound to the substrate.
Hence, the interatomic hopping between carbon atoms is
strongly suppressed, and so are the π-bands, which indeed are
not developed in the ZLG [22]. The vibrational properties of
the MLG and ZLG are substantially different as well.

Representative Raman spectra are acquired from three distinct
sample configurations: bare SiC, ZLG/SiC, and MLG/ZLG/SiC
(Figure 1b). In all cases, the Raman response is dominated by
the intense second-order features of the SiC substrate, which
extend over a broad spectral range and mask weaker carbon layer
contributions. As the ZLG forms, additional spectral components
emerge; however, their direct identification remains challenging
due to the overwhelming SiC signal and the partial overlap of
vibrational modes. Figure 1c,d focus on spectral regions where
carbon layer contributions are most apparent. With a graphene
monolayer, the characteristic Raman 2D peak, a second-order
double-resonant vibrational mode of graphene, remains clearly
observable. This enables straightforward identification of MLG
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despite the dominant substrate signal overlapping with the D and
G peak positions, which are the defect-activated six-atom ring
breathing mode and E2g phonon mode, respectively [16]. In con-
trast, for the ZLG, only a weak residual 2D Raman mode-like
signal can be detected, which is attributed to the small monolayer
graphene inclusions [23]. The vibrational signatures of the ZLG
are instead masked by the dominant and broadband Raman
response of the SiC substrate. Importantly, this masking effect
is not fixed but varies between measurements as a result of slight
changes in experimental conditions, such as focus, alignment,
and acquisition parameters, as well as local crystalline defects,
to which the SiC band is associated in that spectral region
[24]. As a consequence, reference-based background subtraction
or local fitting strategies become unreliable and difficult to apply
in a systematic or automated manner. Resolving the substrate
signal overlap requires an analysis strategy that does not rely
on a predefined reference spectrum and does not assume that
spectral information can be extracted from local regions alone.
Instead, the relevant information is distributed across the entire
Raman spectrum and across many measurements and must be
inferred from their collective statistical structure.

Transformer-based models treat each Raman spectrum as an
ordered sequence of intensity values to quantify how variations
at one Raman shift correlate with all others. In practice, this is
achieved by first mapping the chosen raw spectral intensities into
a learned representation space, which allows the model to encode
complex spectral patterns beyond simple peak positions or ampli-
tudes. The model then applies the self-attention mechanism,
which quantifies how variations in intensity at one Raman shift
are correlated with variations at all other Raman shifts within the
same spectrum. Through multiple stacked layers of this mecha-
nism, the model progressively builds a global representation of
the substrate Raman response, capturing both strong features
and subtle correlations that are not apparent from local inspec-
tion. By exploiting these nonlocal correlations, the transformer is
able to infer the most probable contribution of the SiC substrate

even in spectral regions that are intentionally masked out. The
ability to infer masked content fundamentally distinguishes
the approach from local interpolation, polynomial fitting, or
convolution-based methods, which primarily rely on neighboring
spectral points. As a result, transformer-based models are
particularly effective at disentangling weak, overlapping interfa-
cial contributions embedded within a strong and structured
background, enabling robust spectral unmixing under variable
experimental conditions [25].

The SpectraFormer training and inference pipelines are schemat-
ically illustrated in Figure 2. The two pipelines share the same
forward pass through the transformer architecture but differ
in whether model parameters are updated. Optimal beginning
model architecture parameters that were found during several
training sessions are listed in Table S1. During training, batches
of experimentally acquired SiC Raman spectra are first partially
masked along the Raman shift axis. This masking strategy pre-
vents the model from trivially reproducing the input signal and
instead forces it to infer the missing spectral content from the
remaining visible portions of the spectrum. The masked spectra
are then passed through the SpectraFormer model, which gen-
erates a reconstructed SiC spectrum over the full Raman shift
range. The predicted output is compared to the original,
unmasked spectrum to compute the loss function. The loss is
evaluated across both the Raman shift and sample index dimen-
sions, ensuring that the model learns not only individual spectral
features but also their statistical variability across the full dataset
(see Figure S5). For clarity, Figure 2 illustrates the loss calcula-
tion along the Raman shift axis for a single spectrum.

A mean Gamma deviance loss function is used for model optimi-
zation, as it is well suited for positive-valued spectroscopic signals
and facilitates convergence toward a lower minimum on the loss
hyperplane [26] (the full loss aggregation procedure is described in
the Supporting Information, Note 2, along with the training curve
on Figure S6 and intermediate outputs on Figure S7):

FIGURE 1 | (a) Ball-and-stick atomic structure model of investigated materials (SiC substrate, ZLG and MLG); (b) Raman spectroscopy data of three

different samples: bare SiC substrate, SiC substrate with ZLG, and SiC substrate with both ZLG and free standingMLG (each solid line is the mean across

the dataset for the corresponding sample, the shaded area around each solid line is the ± standard deviation). The insets (c,d) are taken from the

corresponding color-coded rectangles in panel (b). They highlight the spectral ranges where sample-specific features emerge. Measurement conditions

are consistent for all represented spectra: 5 mW nominal laser power, 5 s acquisition time, 1 accumulation per spectrum.

Advanced Intelligent Systems, 2026 3 of 9
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Transformer-based unmixing applied to experimental spectra
reveals carbon layer features by capturing the substrate contribu-
tion with high accuracy. Figure 3 shows the result of transformer-
based unmixing applied to Raman spectra of graphene-related
layers on SiC and demonstrates that this approach enables a con-
trolled isolation of the SiC contribution, thereby exposing spec-
tral features that are obscured in conventional measurements.
The model application to SiC data only shows no prominent fea-
ture (see Figure S8).

Reconstructed SiC spectra are consistent over the entire Raman
shift range for both sample configurations (Figure 3a for MLG/
ZLG/SiC and Figure 3b for ZLG/SiC), indicating that the model
captures the substrate contribution independently of the overlying
carbon layers. After the subtraction of the reconstructed SiC signal,
the residual spectra contain only non-SiC contributions. Once the
dominant substrate background is removed, spectral features asso-
ciated with carbon layers become clearly visible, most prominently
in the low Raman shift region. These features are consistent with
Raman signatures previously predicted to belong to the ZLG
[18, 20] and are revealed without manual background modeling
or peak selection. In particular, the most prominent of these modes

are known as B and L, which have been assigned to benzene-like
modes and shorter bond-localized vibrations, respectively [20].
While they are known, other peaks are also observed in our mea-
surement and are better discussed in the following section.

3 | Discussion

The unmixing procedure reveals vibrational features previously
obscured by the background (Figure 3). This process avoids the
need for the reference measurement or manual background
modeling. The SpectraFormer reconstructs the bulk SiC Raman
response using only the spectral region between 1800 and
2500 cm−1. Spectral unmixing is then performed by subtracting
the reconstructed SiC spectrum from the measured mixed spec-
trum, thereby making it possible to isolate the Raman contribu-
tions arising from the carbon layers.

3.1 | Bulk Signal Reconstruction Method Applied
to MLG/ZLG/SiC and ZLG/SiC Mixed Systems

A direct comparison of the two configurations provides internal
validation of the unmixing. In the ZLG/SiC case (Figure 3d), the
residual spectrum shows a weak graphene 2D peak that is attrib-
uted to a minor signal originating from the initial stages of

FIGURE 2 | Model’s pipelines for training and usage cases. For both approaches, the model generates a bare SiC substrate signal reconstruction

based on masked input, but it differs in the input type (for training—SiC spectra, for usage—mixed spectra) and whether model parameters are being

updated or not.
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graphene growth, consistent with the absence of a fully devel-
oped MLG. In contrast, clear, well-known, and expected G
and 2D [16] contributions appear in the MLG/ZLG/SiC case
(Figure 3c), reflecting the presence of MLG. The relative intensity
of 2D and G features differs from the expected pristine undoped
graphene reference, where the I2D/IG is 3 times higher, and their
position is redshifted with respect to our measurement [27].
However, this behavior is consistent with the strong charge dop-
ing known for epitaxial graphene on SiC [17], for which these
values can vary over a wide range [27]. Noticeably, G and 2D
peaks of the MLG are recovered only when a graphene mono-
layer is present, while the absence of a 2D peak in the ZLG-only
case demonstrates that the model does not artificially introduce
MLG-associated features.

3.2 | Revealed ZLG Features Physical Origin
Validation With Ab Initio Calculations

To validate the physical origin of the spectral features revealed by
SpectraFormer, we performed density functional theory (DFT)-
based lattice dynamics calculations of the ZLG/SiC interface
(Figure 4). Following the approach recently introduced by
Radtke and Lazzeri [20], we extracted the one-phonon Raman
response of the ZLG using a Raman-like proxy obtained by pro-
jecting the q= 0 vibrational modes onto the Raman-active gra-
phene E2g mode (ωDFT = 1538.2 cm− 1). The calculated spectrum
reproduces the main experimentally observed B, L, and G fea-
tures, with good agreement between predicted and measured
peak positions (Table S2). The small residual deviations are con-
sistent with the known tendency of semilocal GGA functionals to
underestimate high-frequency C─C stretching modes [28, 29].
These results confirm that the spectral components recovered
by SpectraFormer correspond to genuine vibrational signatures
of the ZLG.

Because the Raman-like intensity is obtained from the projection
of ZLG vibrational modes onto the graphene E2g mode, the cal-
culated spectrum can be decomposed into local atomic contribu-
tions. The resulting real-space maps (Figure 4b) reveal the
microscopic origin of the recovered B, L, and G features. The
B peak is associated with collective vibrations of the superperi-
odic crest network, the L peak originates from localized strained
sp2 regions, and the G contribution is distributed across the
extended sp2 network, reflecting a more canonical in-plane
stretching character [20].

Unlike the B/L/G features, the D band cannot be captured within
a purely Γ-point Raman-like description because it originates
from disorder-activated finite-q phonons [30–32]. We therefore
analyzed the full vibrational density of states (vDOS), which is
dominated by buffer-layer vibrations above 1000 cm−1 (Figures
S9 and S10). In the D-band region, the calculations reproduce
a lower-frequency D1 component and a broader D2 contribution
that can be resolved into multiple subcomponents (D2a–D2c), in
good agreement with the experiment (Table S2). Real-space
atom-resolved maps (Figure 4c) indicate that D1 arises frommore
extended buffer-layer vibrations, whereas the higher-frequency
D2 components become progressively more localized and are
associated with strained environments near tile boundaries and
Si-bonded regions. The combined analysis supports the assign-
ment of the experimentally recovered features to distinct vibra-
tional motifs of the ZLG/SiC interface [16, 30, 31, 33].

Overall, our results demonstrate that transformer-based spectral
unmixing provides reliable access to weak vibrational signatures
that are otherwise obscured by dominant substrate backgrounds.
By reconstructing and removing the SiC contribution directly
from experimental data, SpectraFormer reveals spectral features
that belong solely to the MLG and ZLG. The more elusive
vibrational modes of ZLG are further validated through first-
principles calculations. The agreement between the experiment

FIGURE 3 | Model performance after the training with different inputs (each solid line is the mean across the dataset for the corresponding sample,

the shaded area around each solid line is the ± standard deviation): Raman spectra of (a,c) MLG/ZLG/SiC and (b,d) ZLG/SiC samples are provided,

allowing to reveal targeted features by subtraction of generated SiC spectra; middle gray shaded region from 1800 to 2500 cm−1 is the region of data

available to the model. Intensity values at (c,d) can be interpreted as normalized to the SiC peak at 1514 cm−1, while those at (a,b) are also shifted by

+0.4 a.u. (for details of data preprocessing, see Supporting Information, Note 2).
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and theory confirms the physical origin of the recovered signals
and resolves long-standing ambiguities in the Raman interpreta-
tion of the ZLG/SiC interface. Experimental comparisons with rep-
resentative classical background subtraction methods widely used
in chemometric analyses of vibrational spectroscopy [34–36] back-
ground subtraction methods, including direct averaged reference
spectrum subtraction, Non-negative Matrix Factorization (NMF),
Principal Component Analysis (PCA), and Partial Least Squares
(PLS) regression, are provided in the Supplementary Infor-
mation. Among the evaluated classical methods, SpectraFormer
consistently achieved the lowest reconstruction error in the shown
silent region (1800−2500 cm−1), indicating more accurate back-
ground removal while preserving the sample vibrational features.

4 | Conclusions

This work demonstrates that transformer-based spectral recon-
struction provides a robust and generalizable solution to the
problem of substrate-dominated spectroscopy. By decoupling
spectral analysis from the need for explicit reference measure-
ments, the model enables the consistent extraction of weak fea-
tures under variable experimental conditions, addressing a key
limitation of conventional approaches. While demonstrated here
for Raman spectroscopy of ZLG on SiC, the underlying frame-
work is broadly applicable to other spectroscopic modalities
and material systems in which structured backgrounds obscure
relevant signals, including heterostructures, interfacial layers,
and complex composite materials. The physical reliability of
the extracted signals is supported by atomistic simulations, which

enable direct assignment of the recovered spectral features and
clarify their microscopic origin. This combined data-driven and
first-principles approach not only validates the method but also
provides access to vibrational signatures that are otherwise exper-
imentally inaccessible, thereby enabling a more complete under-
standing of the underlying physics of the system. Importantly, the
method is inherently compatible with automated and real-time
data acquisition as it operates directly on measured spectra with-
out additional calibration steps. This opens the door to integration
within closed-loop, AI-driven experimental platforms, where rapid
and reliable feedback from spectroscopic measurements is essen-
tial. More generally, the combination of attention-based models
with physically grounded validation provides a pathway toward
data-driven yet interpretable characterization tools, enabling more
efficient exploration, optimization, and control of nanoscale mate-
rial systems.

5 | Materials and Methods

5.1 | Materials Growth and Characterization

ZLG is grown through thermal decomposition, starting from a
6H-SiC substrate. Commercial SiC wafers are first thoroughly
cleaned using acetone and isopropyl alcohol in an ultrasonic bath
and then subjected to oxygen plasma treatment, followed by
Piranha and HF acidic baths to eliminate any organic residues
from the surface. Subsequently, the SiC(0001) wafers are exposed
to high-temperature hydrogen gas inside a furnace to remove pol-
ishing scratches, a procedure known as hydrogen etching. Once

(a)

(b)

(c)

FIGURE 4 | (a) Zoomed region of experimental data in Figure 3d with fit (each solid line is the mean across the dataset for the corresponding sample,

the shaded area around each solid line is the ± standard deviation), where each component is taken from ab initio calculations; (b,c) Spatial maps of

atomic contribution to each of vibrational modes used (with shared gray color bar).
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this step is completed, the ZLG growth process begins. All growth
procedures are conducted using an AIXTRON Black Magic cold-
wall reactor in an Ar environment.

Samples of SiC with the grown ZLG were further characterized
using X-ray photoemission spectroscopy (XPS), confirming the
presence of ZLG-related features (for details, see Supporting
Information, Note 1, Figure S1). XPS spectra are obtained with
a SPECS XR-50 Al Kα X-ray source, Astraios190 analyser, entrance
slit 1.5× 3mm, pass energy 10 eV, and 2D CMOS detector.

All Raman spectroscopy data were acquired using a Renishaw
inVia micro-Raman spectrometer. Since the region of interest
for ZLG features is located in the range (1000–3000) cm−1, data-
sets were acquired on both 6H and 4H-SiC(0001) polytypes in
that range centered at different positions (centers were chosen
in the range from 1800 to 2300 cm−1 with 100 cm−1 step) with
a span of 1500–1600 cm−1 for each spectrum (1015 data points
per spectrum). We used a 100× objective with 0.85 NA, a
532 nm excitation laser, and a 1800 lines/mm grating. To achieve
a balanced training dataset and broaden the model’s spectral
knowledge, different measurement parameters were used. In par-
ticular, different combinations of acquisition time, nominal laser
power, and number of accumulations per spectrum (Figure S2).

5.2 | Transformer Model Training

Model training was conducted on 4 NVIDIA Tesla V100 16Gb
GPUs using the Franklin HPC infrastructure of IIT. Model
was trained on arithmetically preprocessed Raman spectroscopy
data (preprocess pipeline is described in Supporting Information,
Note 2). Data preprocessing was required to remove spectro-
scopic outliers and establish robustness across the computational
pipeline. After preprocessing, data kept its statistical properties
(see Figures S3 and S4).

5.3 | Ab Initio Calculations

We model the ZLG/SiC interface using the reduced commensu-

rate supercell often denoted as the
ffiffiffiffiffi
31

p
×

ffiffiffiffiffi
31

p
R8.95° reconstruc-

tion of the Si-terminated SiC surface, which corresponds to a
7 × 7 graphene-like overlayer rotated by R21.787°. In this work,
we adopt the same structure considered in [11, 37]: the Sh stack-
ing, characterized by the presence of at least one “hollow” site
(a surface Si atom located beneath the center of a buffer hexagon).
The initial configuration is generated by placing a flat hexagonal
carbon layer above the Si-terminated surface at a separation
slightly larger than the expected Si─C bond length and then fully
relaxing atomic positions (see Computational details below). The
reduced supercell enables calculations at significantly lower

computational cost than the larger 6
ffiffiffi
3

p
-based model, while

retaining the key local structural motifs and registry patterns rel-
evant to the ZLG. The substrate is modeled as a four-layer slab of
cubic SiC, with the bottom surface passivated by hydrogen atoms
to remove spurious dangling-bond states.

All calculations are performed within DFT, with the same setup
adopted in previous works [11, 38] using ultrasoft RRKJ

pseudopotentials [39] and the PBE exchange-correlation func-
tional [40]. Dispersion interactions are included through the semi-
empirical Grimme D2 correction (PBE-D2) [41]. The plane-wave
kinetic energy cutoff is set to 30 Ry, with a charge-density cutoff of
300 Ry, and self-consistency is converged to 10−8.

Structural relaxations are carried out with a quasi-Newton BFGS
optimizer [42] using standard convergence thresholds of 10−3 a.u.
on forces and 10−4 a.u. on total energy. Geometry optimizations
and SCF calculations to extract the forces from the atomic dis-
placements were performed at the Γ point. A Gaussian smearing
of 0.01 Ry was used throughout.

The in-plane lattice vectors are fixed to those of a relaxed SiC

slab, while the out-of-plane supercell length is set to 31.8Å to
avoid interactions between periodic replicas. Calculations were
performed with QUANTUM ESPRESSO [43] (version 7.2.0).

Interatomic force constants and vibrational modes have been
obtained using the ALAMODE [44] code within the frozen-
phonon approach. Since the ZLG hosts in-gap and near-gap elec-
tronic states that are spatially localized on specific atomic motifs
(crest regions, benzene-like patches, etc.), we limited atomic dis-
placements to these regions while keeping the remainder of the
simulation cell fixed to reduce the computational cost. See
Supporting Information, Note 4, for more details.
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