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ABSTRACT

Controlling phonon-mediated heat transport in multilayer nanostructures is central to thermal
management and energy-conversion technologies. Yet identifying architectures exhibiting extreme
lattice thermal conductivity (κl) remains challenging due to the combinatorial complexity of in-
terface arrangements and the high computational cost of transport simulations. In superlattices,
thermal transport arises from competing wave effects: coherent phonon propagation enhances trans-
port, whereas interface scattering and localization suppress it. We study Si-Ge superlattices using an
iterative machine-learning-guided non-equilibrium Green’s function (NEGF) approach, where a con-
volutional neural network trained on NEGF data efficiently explores an experimentally constrained
design space to identify both low- and high-κl limits. Dense interface clustering induces cumulative
elastic scattering and reduces κl by up to 35%, while sparse, locally ordered motifs preserve extended
phonon modes and enhance κl by up to 33% beyond periodic designs. These results are obtained at
200 K in a regime where phonon transport is predominantly coherent and elastic; thus, the identified
structural trends are representative of the coherent transport regime. Our work reveals that local
motif-level order, rather than global periodicity, governs extreme thermal transport in multilayer
systems.

INTRODUCTION

The rapid expansion of data-intensive computing, ar-
tificial intelligence, and high-performance electronics has
placed unprecedented demands on thermal management
at the nanoscale [1–3]. As device dimensions shrink and
power densities continue to rise, heat dissipation increas-
ingly limits performance and energy efficiency [4]. In this
regime, conventional cooling strategies, such as fans, heat
sinks, and liquid cooling, struggle to mitigate localized
hotspots and non-uniform heat flow [3], motivating the
development of materials and nanostructures with engi-
neered thermal transport properties [5]. Because heat
conduction at these length scales is dominated by lattice
vibrations, controlling phonon-mediated thermal trans-
port is a central challenge for next-generation electronics
[6]. Two complementary and equally important objec-
tives emerge in this context. On one hand, materials
with suppressed lattice thermal conductivity (κl) are es-
sential for thermoelectric energy conversion and active
cooling, where minimizing heat leakage is critical [7, 8].
Conversely, materials with enhanced κl are required for
efficient heat spreading away from hotspots in high-power
devices [9]. While extensive efforts have focused on re-
ducing κl through alloying, nanostructuring, and disor-
der, far fewer studies have explored how both extreme
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suppression and enhancement of thermal transport can
be achieved within a single design space composed of
fixed material constituents [8]. In particular, how coher-
ent and incoherent phonon mechanisms compete across
experimentally realizable configurations remains poorly
understood. Developing strategies that span both ultra-
low and ultra-high κl within a unified framework, there-
fore, remains an open challenge.

Superlattices offer a versatile platform for addressing
this dual objective. Periodic stacking of dissimilar ma-
terials introduces modulations in mass, bonding, and
elastic properties that strongly affect phonon transport
[10, 11]. The interplay between coherent phonon inter-
ference and interface-induced scattering enables κl to be
tuned over wide ranges by adjusting layer thickness and
interface density [12]. Among the many superlattice sys-
tems studied to date, Si-Ge superlattices are particularly
important. Owing to their structural compatibility, ma-
ture growth techniques, and relevance to CMOS tech-
nology, Si-Ge multilayers have long served as a bench-
mark system for exploring phonon transport phenom-
ena and for developing thermal management strategies
compatible with existing semiconductor manufacturing
[13–15]. Early studies of periodic Si-Ge superlattices re-
vealed a non-monotonic dependence of κl on superlattice
period, reflecting a crossover from incoherent, particle-
like phonon transport at large periods to coherent, wave-
like transport at short periods [11, 16]. Subsequent work
showed that graded or random layer-thickness variations
can further reduce thermal transport through phonon lo-

mailto:shubham.tyagi@im2np.fr
mailto:marc.bescond@cnrs.fr


ARTI
CLE

 IN
 P

RES
S

ARTICLE IN PRESS

calization [11]. These observations led to the prevailing
view that increasing structural disorder generally lowers
κl, an idea that has guided much of the design intuition
for thermoelectric superlattices and multilayers.

However, this intuition does not fully capture phonon
transport in complex multilayer systems. Even in glob-
ally random structures, local interface arrangements can
support coherent phonon transmission over finite length
scales [17]. As a result, different random configurations
with identical composition and total length can exhibit
vastly different thermal transport behavior [18]. Identify-
ing interface sequences that yield extreme suppression or
enhancement of κl is therefore challenging, particularly
as the number of possible configurations grows combina-
torially with system size [19]. For example, a superlattice
consisting of 30 Si-Ge unit cells already corresponds to
230 ≈ 109 distinct configurations, rendering exhaustive
exploration infeasible.

Machine learning (ML) has emerged as a powerful ap-
proach for navigating high-dimensional design spaces and
accelerating materials discovery [20]. In thermal trans-
port research, data-driven models have been used to pre-
dict κl in bulk materials, alloys, and nanostructures,
and to guide the optimization of structures with tar-
get thermal properties [19, 21–24]. In superlattices, ML
has enabled the identification of configurations with re-
duced thermal conductivity [24] and, in some cases, un-
expected enhancements beyond periodic references [23].
Despite these advances, many studies rely on molecu-
lar dynamics simulations, which mix elastic and inelastic
scattering processes and make it difficult to isolate co-
herent, interference-driven phonon transport [23, 25]. In
addition, the use of hand-crafted descriptors or human-
guided feature extraction can introduce bias and limit
transferability [24]. Previous ML-assisted studies on su-
perlattices have nevertheless demonstrated that extreme
thermal conductivities can be realized by carefully tailor-
ing the stacking sequence. For example, Bayesian opti-
mization combined with first-principles atomistic Green’s
function calculations has been used to design an aperi-
odic GaAs/AlAs superlattice with minimal thermal con-
ductivity [22], and a human–AI framework with hand-
crafted descriptors has been applied to graphene–WS2
heterostructures to construct interpretable ML models of
thermal transport [24]. In contrast to these approaches,
which either target a single optimized design in a spe-
cific material system or rely on manually engineered de-
scriptors and empirically derived force constants, we fo-
cus here on Si-Ge superlattices in a coherent transport
regime and seek an approach that both explores a large,
experimentally constrained configuration space and di-
rectly links structural motifs to microscopic wave phe-
nomena.

For superlattices dominated by elastic scattering and
wave interference, an atomistic framework that explic-
itly captures coherent phonon transport is required.
The non-equilibrium Green’s function (NEGF) formalism
naturally describes this regime and has been widely used

to investigate coherent phonon effects, localization, and
transmission spectra in multilayer systems [11, 26]. This
makes NEGF well-suited for investigating the fundamen-
tal mechanisms underlying extreme thermal transport in
multilayers [11]. However, the high computational cost of
NEGF limits its direct application to exhaustive searches
over large configuration spaces, particularly when thou-
sands of configurations must be evaluated [27]. An ad-
ditional consideration arises from experimental feasibil-
ity: not all mathematically possible superlattice config-
urations can be realized in practice. Growth techniques
impose constraints on minimum layer thickness, interface
quality, and total film thickness, effectively reducing the
accessible design space [28, 29]. Incorporating such con-
straints into theoretical and computational studies is es-
sential to ensure that predicted structures are physically
meaningful and experimentally relevant.
In this work, we address these challenges by combin-

ing NEGF simulations with ML in a unified, data-driven
framework to explore κl in Si-Ge superlattices under ex-
perimentally motivated constraints. Rather than relying
on surrogate transport models or manually engineered
descriptors, a convolutional neural network (CNN) is
trained directly on NEGF-computed thermal conduc-
tances (σ) and derived κl, using encoded layer sequences
that allow the model to learn spatial correlations associ-
ated with both phonon localization and enhanced coher-
ent transmission. This approach enables an efficient ex-
ploration of the constrained design space and the identifi-
cation of rare configurations exhibiting extreme thermal
transport behavior that cannot be inferred from simple
periodic or random limits. The results demonstrate that
Si-Ge superlattices can host a remarkably wide spectrum
of thermal transport responses. The remainder of the
paper is organized as follows. Methods section describes
the theoretical framework and computational methods.
Results section presents and discusses the ML-guided ex-
ploration of Si-Ge superlattices, and Discussion section
summarizes the main conclusions and outlook.

RESULTS

Thermal transport in Si-Ge superlattices

Figure 1 represents the device geometry and outlines
the validation steps employed in the present study. Fig-
ure 1(a) shows a schematic representation of the de-
vice configuration used to model Si-Ge superlattices (Si:
Green spheres and Ge: Peach spheres) within the NEGF
framework, consisting of a finite device region connected
to semi-infinite contacts. The semi-infinite contacts are
modeled using bulk Si force constants, ensuring con-
sistent phonon injection conditions across all configu-
rations. Figure 1(b) shows the phonon dispersion of
bulk Si calculated using density functional theory over
the full Brillouin zone, confirming its dynamical stabil-
ity. In Fig. 1(c), the phonon dispersion of Si obtained
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from the NEGF formalism is compared with the den-
sity functional theory dispersion along the transport di-
rection. The NEGF phonon dispersion is constructed
from harmonic interatomic force constants obtained from
first-principles calculations using Quantum ESPRESSO
and Phonopy. The force constants are mapped onto
the device geometry, Fourier-transformed in the trans-
verse directions, and mass-normalized to form the dy-
namical matrix for each transverse wavevector. Diago-
nalization of this matrix yields the phonon dispersion,
which shows excellent agreement with the corresponding
first-principles results, validating the phonon transport
model. As mentioned, for Ge, the phonon dispersion is
obtained using a mass-scaling approximation in which
the Si atomic mass in the dynamical matrix is replaced by
the Ge mass while retaining the same harmonic force con-
stants, following established approaches in the literature
[11, 30, 31]. This approximation captures the dominant
mass effect on phonon frequencies and has been widely
validated for Si-Ge systems, allowing the Ge constituent
of the superlattices to be constructed without additional
first-principles calculations.

Having established the force constants and validated
the phonon descriptions of the constituent materials, we
next generate a large ensemble of Si-Ge superlattices
and compute their thermal transport properties using
the NEGF formalism. These data serve as the refer-
ence dataset for training and evaluating the ML model
described in the Methods section. As discussed in the
Introduction, the design space of layered Si-Ge superlat-
tices grows combinatorially with system length, making
exhaustive exploration by direct simulations infeasible.

To balance physical realism with computational
tractability, we focus on superlattices with a total length
of approximately 10 nm, corresponding to 20 unit cells
along the transport direction. This length scale is consis-
tent with previous theoretical and experimental studies of
short-period Si-Ge superlattices and remains well within
the regime accessible to coherent phonon transport sim-
ulations [32–34]. Even at this reduced length, the as-
sociated configuration space remains prohibitively large,
motivating the use of ML techniques to efficiently navi-
gate the landscape of possible layer sequences [21, 23].

In order to ensure experimental relevance, additional
constraints are imposed on the thicknesses of individ-
ual Si and Ge layers based on state-of-the-art epitaxial
growth studies of Si-Ge heterostructures. Si layers are al-
lowed to vary between 1 and 20 unit cells (∼ 0.5–10 nm)
[35–37], while Ge layers are restricted to 1–4 unit cells (∼
0.5–2 nm) [38–40]. These bounds are applied locally to
each layer in the superlattice, independent of the overall
stacking order.

The asymmetry between the Si and Ge thickness
ranges reflects their distinct strain tolerances. For Ge
grown on Si or Si-like lattices, the lattice mismatch re-
sults in a small critical thickness for coherent growth
[38, 41]. Experimental studies consistently show that
Ge layers thicker than about 1–2 nm tend to relax via

misfit dislocations or three-dimensional island formation,
whereas few-monolayer Ge insertions remain coherently
strained and are widely employed in short-period Si-Ge
superlattices [33, 40, 42]. The upper bound of 4 unit
cells considered here therefore represents an aggressive
but still physically meaningful limit, approaching the on-
set of strain relaxation in Si-Ge heteroepitaxy [38–40].

In contrast, Si layers do not face a strict strain-driven
upper thickness limit when grown on Ge or on Si-Ge
stacks, and Si spacers of several nanometers are routinely
realized experimentally in Si-Ge multilayer and device
structures [35, 36]. The primary constraint for Si instead
arises at very small thicknesses: ultra-thin Si layers on
Ge-rich stacks have been reported to exhibit increased
roughness, waviness, or degraded superlattice periodicity,
as evidenced by broadened or suppressed X-ray diffrac-
tion satellite peaks [36]. Previous studies indicate that
thinner Si layers often lead to reduced structural quality,
whereas thicker Si spacers yield well-defined superlattice
reflections [36, 37, 43]. Although a minimum Si thickness
of 2 unit cells would be the more conservative, experimen-
tally safer choice, we allow Si layers down to 1 unit cell
to retain sufficient structural flexibility in the modeling.
Thinner Si-Ge layers could in principle, be considered;
the present bounds prioritize robustness and experimen-
tal plausibility. Applying these physically motivated lo-
cal constraints substantially reduces the effective design
space while preserving a wide diversity of realizable struc-
tures. For a superlattice of 20 unit cells, an unconstrained
binary description would yield 220 = 1, 048, 576 possible
layer sequences. Imposing the above thickness bounds
reduces this number to approximately 786, 568 configu-
rations, which remains far too large for exhaustive NEGF
evaluation but is sufficiently structured to enable efficient
exploration using ML models.

Additional constraints could further reduce the search
space, for example, by fixing the overall Si-Ge concen-
tration or enforcing specific periodic motifs motivated by
targeted experiments [29]. In the present work, how-
ever, we deliberately adopt a less restrictive approach
in order to train the model on a broader and more di-
verse dataset, thereby improving its robustness and gen-
eralization capability. Notably, the layer-wise encoding
scheme employed here (see Methods section for more
details) naturally allows for finer thickness resolution,
such as sub-unit-cell steps, but we restrict the present
study to integer unit-cell increments to remain closely
aligned with experimentally controllable growth param-
eters and to limit the combinatorial complexity of the
dataset. Within these bounds, both periodic and ran-
dom superlattice configurations are explored. Impor-
tantly, the constraints apply locally to each individual
layer, rather than to the overall sequence, allowing for
strongly non-uniform and random stacking orders while
maintaining consistency with experimentally accessible
layer thicknesses. This constrained yet highly expressive
design space forms the basis for the NEGF simulations
and the subsequent ML analysis presented below.
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Machine-learning framework and training

Rather than assuming that the used ML model can
accurately learn the full structure–property relationship
from a single training step, we adopt an iterative, ML-
guided workflow that explicitly targets the identification
of extreme thermal transport behavior. The overall strat-
egy, summarized in Fig. 2, begins with the generation
of Si-Ge superlattice configurations within experimen-
tally motivated constraints, which are evaluated using
NEGF to form an initial training set of 800 randomly
generated structures. A CNN model is trained on this
data and used to efficiently screen the remaining con-
figuration space, identifying candidates predicted to lie
near the lower and upper extremes of κl. From each
screening step, 100 extreme candidates (50 low-κl and 50
high-κl) are re-evaluated using NEGF and incorporated
into the training set, after which the model is retrained
and the screening process repeated. This closed feed-
back loop intentionally biases model refinement toward
accurate identification of extreme configurations rather
than uniform predictive accuracy across the entire de-
sign space. Convergence is assessed based on the sta-
bility of the NEGF-computed extreme κl values, con-
sistency between ML predictions and NEGF validation,
and recurrence of structurally similar extreme candidates
across successive iterations. In practice, convergence
is achieved once a substantial fraction of the predicted
low- and high-κl candidates recur between iterations and
the corresponding NEGF-computed κl values no longer
change appreciably. This approach enables efficient ex-
ploration of a configuration space comprising hundreds
of thousands of possible superlattice structures using a
small fraction of direct NEGF evaluations, thereby facil-
itating ML-guided discovery of extreme lattice thermal
transport behavior. This ML-guided discovery approach
is particularly well-suited for identifying extreme ther-
mal transport, as structures exhibiting very low or very
high κl constitute rare events and uniform sampling be-
comes statistically inefficient when each NEGF evalua-
tion is computationally demanding. By selectively refin-
ing the surrogate model using NEGF-validated extreme
candidates, the workflow concentrates computational ef-
fort where predictive accuracy is most critical, without
unnecessarily improving performance in the mid-range of
the distribution. Convergence in this framework does not
require identical extreme candidate sets across succes-
sive iterations, since multiple configurations can exhibit
nearly degenerate κl values and modest model updates
may reshuffle candidates without altering the underlying
extrema. Although the present implementation focuses
on Si-Ge superlattices, the workflow itself is not material-
specific. By encoding structures at the layer level and
enabling the surrogate to learn interface-driven descrip-
tors associated with coherent phonon transport and lo-
calization, the approach can be extended to other multi-
layer systems dominated by elastic scattering and wave
interference. While the trained model remains system-

dependent, the ML-guided discovery framework provides
a general strategy for efficiently exploring extreme ther-
mal transport behavior in physically constrained, high-
dimensional design spaces.

To quantify structural similarity beyond exact se-
quence identity, each superlattice is characterized us-
ing motif-level descriptors that capture physically rele-
vant features for thermal transport, including the total
number of interfaces, statistical moments of the block-
length distribution (mean, standard deviation, and max-
imum block length), the overall Ge fraction, and an ad-
jacency metric defined as the mean absolute difference
between consecutive block lengths. A block is defined
as a continuous chain of Si or Ge unit cells. The ad-
jacency metric captures the degree of spatial clustering
of large and small regions and serves as a proxy for the
correlation length of structural disorder. This represen-
tation is invariant under trivial translations of the layer
sequence while remaining sensitive to variations in local
arrangement that can influence transport. In addition,
convergence of the iterative loop is quantified using a
relative-change metric defined with respect to the im-
mediately preceding iteration; iteration 0 serves as the
initial reference and is therefore excluded from this mea-
sure. For iteration i, the relative change is defined as
∆κl

i = (|⟨κi
l⟩ − ⟨κi−1

l ⟩|)/⟨κi−1
l ⟩, where ⟨κi

l⟩ denotes the
mean NEGF-computed κl of the top and bottom ten can-
didate structures selected in iteration i. Figure 3a shows
the evolution of the relative change in κl together with
the fraction of overlapping profiles between successive
iterations. The overlap increases rapidly over the first
few iterations, indicating fast localization of a relevant
region of configuration space. Beyond iteration three,
the overlap fraction stabilizes at a high level, reflecting
repeated selection of structurally similar configurations
rather than continued exploration of distinct structural
regimes.

To define a practical stopping criterion for the
ML–NEGF loop, we select the first iteration following
the initial crossing at which the fraction of overlapping
candidate profiles between successive iterations exceeds
80% and remains high in subsequent iterations (iteration
4, marked by the dashed line in Fig. 3a). This threshold
reflects stabilization of the candidate set while account-
ing for the intrinsic degeneracy of transport-equivalent
superlattice configurations. Exact 100% overlap is not
expected, as structurally distinct profiles can yield nearly
identical κl values and therefore remain indistinguishable
within the chosen motif-level descriptors. Although ad-
ditional iterations were performed to confirm the absence
of qualitatively new candidates, no further systematic
changes were observed beyond this point, and the over-
lap subsequently remained high. We therefore identify
this iteration as the point of convergence of the learning
procedure.
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Discovery of extreme lattice thermal conductivity

At the converged iteration, the CNN model is used
to report predictive performance metrics, as shown in
Fig. 3b. The model achieves an R2 score of at least
0.99 on both the training and validation datasets, indi-
cating that it has learned a stable and accurate repre-
sentation of the structure–property relationship within
the relevant region of configuration space. Figure 3b
shows a comparison between ML-predicted and NEGF-
computed κl, together with the corresponding R2 values.
The shaded region denotes a ±5% deviation from the
ideal 1:1 line, within which the majority of predictions
fall. In addition, the CNN predicts κl with a low MAPE
of 1.10% and 2.21% for training and validation sets, re-
spectively, corresponding to an average validation RMSE
of approximately 0.018 Wm−1K−1. The mean absolute
error, about 0.013 Wm−1K−1, is of comparable magni-
tude, further confirming the quantitative agreement be-
tween ML predictions and NEGF calculations. These
results demonstrate that the surrogate model achieves re-
liable predictive accuracy after only a few active-learning
cycles. Using the converged model, we identify superlat-
tice profiles predicted to exhibit the lowest- and highest-
κl and subject these candidates to final NEGF validation.

Figures 4a-c and 4d-f show the three lowest- and three
highest-κl non-degenerate ML predicted profiles, respec-
tively. The corresponding NEGF-computed κl values
are 0.378, 0.423, 0.436, 1.848, 1.477, 1.356 Wm−1K−1,
respectively, all lying within the predefined accuracy
bounds of the ML model. These results immediately
demonstrate that interface density alone is a necessary
but insufficient descriptor of thermal transport. Among
the three lowest-κl configurations, κl varies by nearly
15% despite identical interface counts and identical Si-
Ge composition, indicating that the spatial distribution
and clustering of interfaces play a decisive role. Simi-
larly, in the high-κl regime, while low Ge fraction and
sparse interfaces are necessary to achieve large κl, they
are not sufficient to uniquely determine transport behav-
ior. Notably, the ML predicted high-κl configurations
are simple but not trivially equivalent to periodic super-
lattices. Contrary to the common expectation that de-
viations from strict periodicity universally suppress co-
herent transport, these structures preserve high trans-
mission despite broken global periodicity. Rather than
identifying a single optimal design, the ML model learns
a low-dimensional manifold of transport-equivalent con-
figurations governed by motif-level descriptors, explain-
ing the observed degeneracy in both the low- and high-κl

regimes. Closer inspection of the high-κl configurations
reveals a weak but systematic dependence on Ge block
placement. For profiles with identical Ge fraction and
interface count, κl varies monotonically with the spatial
position of the Ge block, attaining maximal values when
the Ge region is located near the device boundaries or
center. Shifting the same block away from these loca-
tions produces a small but reproducible reduction in κl,

while fragmenting the block into multiple segments fur-
ther suppresses transport. This hierarchy reflects second-
order sensitivity to boundary coupling and internal reflec-
tions, highlighting that ML captures not only dominant
motif-level descriptors but also subtle spatial effects be-
yond simple interface counting. While bulk Si trivially
maximizes κl and remains fully CMOS compatible, it of-
fers no internal tunability for thermal transport engineer-
ing beyond geometry and size effects. In contrast, Si-Ge
superlattices provide a technologically mature, CMOS-
compatible, and experimentally accessible platform in
which κl can be continuously engineered through inter-
face design without changing the underlying material sys-
tem. This capability enables independent control of ther-
mal transport while preserving electronic compatibility,
making Si-Ge superlattices directly relevant for nanoscale
thermal management, thermoelectrics, and phononic de-
vice engineering.

In the low-κl regime, most identified configurations
cluster around high interface density, short and nearly
uniform block lengths (mean block size ∼ 1.5 unit cells),
and near-equiatomic composition. Within this search
space, κl varies primarily with the spatial adjacency met-
ric, indicating that transport suppression is governed
by cumulative weak elastic scattering distributed across
many interfaces rather than resonant, site-specific lo-
calization at isolated regions. In contrast, the high-κl

regime is characterized by sparse interfaces, long con-
tiguous Si blocks, and low Ge fraction, with residual sen-
sitivity arising mainly from contact coupling and mode
injection rather than bulk scattering. Degeneracy in the
low-κl regime is therefore disorder-driven, whereas quasi-
degeneracy in the high-κl regime reflects coherent trans-
port constrained by boundary effects.

To place these ML predicted extremes in a broader
physical context, we compare them against intuitive ref-
erence designs. Although these reference designs do
not strictly satisfy all experimental constraints imposed
in the present study, they represent the best physi-
cally motivated benchmarks available; comparison with
constraint-matched reference structures would further
underline the advantage of the ML predicted configura-
tions. For the low-κl case, we consider a graded Si-Ge
superlattice, commonly employed to introduce controlled
disorder. Owing to the fixed system length of 20 unit
cells, only a single graded configuration with increasing
layer thicknesses (1–2–3 unit cells per period) can be con-
structed (Fig. 5a). NEGF calculations yield κl of 0.573
Wm−1K−1 for this structure. For the high-κl compari-
son, we examine all distinct periodic Si-Ge superlattices
compatible with the same system length (Figs. 5c–f).
Among these, the maximum κl is 1.393 Wm−1K−1 of
Fig. 5c. Relative to these benchmarks, the ML pre-
dicted lowest-κl configuration achieves a 35% reduction
compared to the graded reference, while the highest-
κl configuration exhibits a 33% enhancement over the
best periodic design. Previous studies have reported
only modest improvements of ∼3% over periodic super-
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lattices over periodic superlattices [23]; the present re-
sults demonstrate that our ML-guided exploration can
uncover non-intuitive configurations that substantially
expand the achievable bounds of thermal transport.

To assess whether the reduced κl of ML predicted low-
κl configurations arises solely from increased interface
density compared to graded superlattice, we construct
a series of intuitive “fragmented graded” reference de-
signs with matched interface count, composition, and to-
tal length. These ‘fragmented graded’ configurations are
obtained by subdividing the graded superlattice while
preserving its overall material fraction. Although these
structures introduce additional interfaces and further re-
duce κl relative to the original graded design, they do not
achieve the broadband transmission suppression observed
in the ML predicted configurations. The best fragmented
graded structure (Fig. 5b) yields κl of 0.466 Wm−1K−1,
approximately 23% higher than the ML predicted min-
imum. An analogous comparison in the high-κl regime,
using structures with matched interface counts, likewise
confirms that interface density alone cannot explain the
observed transport extremes.

Importantly, the ML-guided approach does not iden-
tify a single optimal structure but rather maps out entire
families of transport-equivalent configurations, providing
both flexibility and robustness for practical superlattice
design. To further elucidate the microscopic transport
mechanisms underlying these motif-level trends, we an-
alyze the phonon transmission spectra and PR of the
ML predicted extreme configurations and compare them
against intuitive periodic and graded reference struc-
tures. These spectral quantities provide complementary
insight into how structural motifs influence mode prop-
agation, coherence, and spatial localization within the
transport regime.

Analysis of phonon characteristics

Within the NEGF framework, phonon transmission
quantifies the ability of vibrational modes at a given fre-
quency to propagate coherently across the superlattice
and couple to the contacts, while the PR characterizes
the spatial extent of these modes within the device. Al-
though related, these quantities probe distinct aspects of
phonon transport: transmission reflects coherent prop-
agation and contact coupling, whereas PR distinguishes
extended modes from spatially confined or quasi-localized
vibrations. Figures 6a and 6b show the phonon transmis-
sion spectra for the ML predicted extreme configurations,
compared with graded and periodic reference superlat-
tices. In the lowest-κl regime, the ML predicted struc-
ture exhibits a broad suppression of transmission across
the dominant heat-carrying frequency window, exceed-
ing that of the graded reference over most frequencies.
The accumulation of many weak elastic reflections, each
insufficient to localize a mode individually, but collec-
tively suppresses transmission. As seen in Fig. 6a, the

low-frequency transmission of the ML-predicted low-κl

configuration is only moderately reduced compared to
the graded reference, reflecting the fact that the graded
structure already strongly suppresses coherent transport
in this regime. The additional reduction in κl there-
fore arises mainly from stronger suppression in the low-
to mid-frequency range (∼2–6 THz) and from the inte-
grated effect over the full spectrum. Consistent with the
comparison in the Results section, this spectral differ-
ence corresponds to a ∼35% decrease in κl relative to
the graded reference (from 0.573 to 0.378 Wm−1K−1 for
the ML-predicted low-κl configuration). In contrast, in
the highest-κl regime, the ML predicted configuration
maintains high transmission over a wide low-frequency
range, closely resembling or exceeding the best periodic
reference despite subtle deviations from strict periodicity.

The corresponding PRs (Figs. 7a and 7b) provide com-
plementary insight into the spatial character of the vi-
brational modes. Frequency ranges associated with sup-
pressed transmission are often accompanied by reduced
PR, particularly in non-periodic configurations where
multiple interfaces disrupt phase coherence and induce
partial spatial confinement of vibrational energy. In the
lowest-κl ML configurations, transmission remains con-
sistently lower than in the graded reference across much
of the transport window, yet the PR follows a similar
frequency dependence and remains comparatively mod-
erate over a broad frequency range. This indicates that
vibrational modes are not strongly localized at a single
interface or compositional transition. Instead, the modes
remain spatially extended while experiencing distributed
confinement across multiple interfaces. Transport sup-
pression therefore originates from the cumulative effect of
many weak elastic reflections, each insufficient to localize
a mode individually but collectively reducing net trans-
mission. This behavior is consistent with distributed
elastic scattering rather than resonant, site-specific local-
ization. In contrast, periodic reference structures exhibit
frequency regions where transmission is strongly reduced
even while the PR remains moderate. The broad high-
PR regions observed in ML highest-κl configuration in-
dicate vibrational modes that remain spatially extended
across the entire device. In this regime, phonon ampli-
tudes are distributed over most atoms rather than con-
fined to specific interfaces. Since the PR directly reflects
the spatial extent of vibrational modes, the persistence
of moderate PR values indicates that transport suppres-
sion in periodic configuration compared to highest-κl ML
configuration does not originate from spatial localization.
Rather, it arises from coherent interference and elastic
reflection acting on spatially extended phonon modes.
While spatial localization itself is a consequence of co-
herent interference, it requires persistent destructive in-
terference leading to wavefunction confinement, which is
not observed here. The observed reduction in transmis-
sion is therefore attributed either to interference-induced
reflection of extended modes (periodic case) or to the
cumulative effect of multiple weak elastic reflections dis-
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tributed across many interfaces (ML lowest-κl case).

To further elucidate the microscopic origin of these
trends, we examine the spatial distribution of phonon
density at representative frequencies selected to cap-
ture (i) highly transmitting modes and high PR, (ii)
transport-limiting frequencies with low PR, specifically
for low-κ, and (iii) high-frequency modes with negligible
transmission. The corresponding frequencies are repre-
sented by a dashed line in Figs. 6 and 7. Figures 8a and
8b show the phonon density at ω ≈ 4 THz, correspond-
ing to a dominant heat-carrying frequency. At this fre-
quency, the ML predicted low-κl configuration exhibits a
spatially distributed phonon density without strong site-
specific localization, indicating that vibrational modes
remain extended across the superlattice. In contrast, the
graded reference structure shows pronounced spatial lo-
calization of phonon density near specific compositional
transition regions (single block marked by dashed lines
and shaded region), indicative of resonant trapping of
vibrational modes, consistent with previous observations
[11]. Despite these qualitative differences in mode charac-
ter, transmission at this frequency remains finite, indicat-
ing that ω ≈ 4 does not dominate the overall suppression
of κl in the ML predicted configurations. For the high-κl

regime at the same frequency, the ML-identified configu-
ration displays a nearly uniform phonon density through-
out the system, consistent with fully extended propagat-
ing modes and the near-unity transmission observed in
Fig. 6b. By comparison, the periodic reference already
exhibits strong spatial modulation of phonon density, re-
flecting coherent interference and partial elastic reflection
despite the absence of strong localization. This behavior
explains why periodic structures exhibit reduced trans-
mission relative to the ML predicted high-κl configura-
tions even when participation ratios remain high.

At a transport-limiting frequency ω ≈ 5.12 THz
(Figs. 8c and 8d), the distinction between graded and
ML predicted low-κl configurations becomes pronounced.
In graded structures, phonon density does not exhibit
strong localization at this particular frequency, consis-
tent with the relatively high PR value observed in Fig.
7a. In contrast, the ML predicted low-κl configuration
exhibits confinement that extends over multiple blocks
rather than being pinned to a single interface or block
(marked by dashed lines and shaded region). The phonon
density is attenuated over a broad spatial region, indicat-
ing distributed confinement arising from the accumula-
tion of many weak elastic reflections rather than resonant
trapping. In this regime, no single interface dominates
phonon confinement; instead, transport is suppressed
through the collective effect of repeated partial reflec-
tions throughout the superlattice. This mechanism ex-
plains the broadened transmission suppression and lower
integrated κl achieved by the ML predicted structures
relative to graded designs. The ML predicted high-κl

configurations show behavior qualitatively similar to pe-
riodic superlattices, maintaining extended phonon den-
sity profiles consistent with efficient transport and high

PR.
Finally, at higher frequencies (ω ≥ 10 THz (12 THz);

Figs. 8e and 8f), transmission vanishes for all structures
while participation ratios remain finite, confirming the
presence of vibrational modes that are spatially extended
within the device but are poorly coupled to the contacts
and therefore do not contribute appreciably to thermal
transport. This decoupling highlights the necessity of
combining transmission, participation ratio, and phonon
density analyses to fully characterize thermal transport.
Taken together, these results demonstrate that extreme
thermal transport in Si-Ge superlattices arises from dis-
tinct wave-based microscopic mechanisms: coherent in-
terference and elastic reflection in periodic structures,
resonant localization in graded designs, cumulative elas-
tic scattering with distributed confinement in ML pre-
dicted low-κl configurations, and robust propagation of
extended modes with weak elastic reflection in ML pre-
dicted high-κl configurations.

Motif-level ordering

To summarize the joint influence of motif-level descrip-
tors and the associated microscopic transport mecha-
nisms, Table I lists three representative low- and high-
κl configurations together with their descriptor values
and qualitative NEGF signatures. The low-κl structures
systematically exhibit high interface density, short mean
block lengths, moderate block-length variance, and near-
equiatomic Ge fraction, which correlate with reduced
mid-frequency transmission, low participation ratio, and
distributed confinement of phonons. By contrast, high-
κl structures have few interfaces, long blocks, and low
Ge fraction, and display high transmission, high PR,
and extended vibrational modes. These trends highlight
that extreme thermal conductivities arise from a coop-
erative interplay of composition, interface density, and
block-length statistics, rather than from any single fac-
tor alone. Crucially, within the low-κl class, where in-
terface count, mean block length, and Ge fraction are
identical across all three configurations, it is the adja-
cency index that differentiates their conductivities, re-
flecting the sensitivity of phonon scattering to the se-
quential ordering of block lengths beyond their marginal
statistics. Similarly, the Ge asymmetry index distin-
guishes the high-κl configurations, capturing the spatial
distribution of the Ge sublattice and its directional influ-
ence on phonon transmission. We note that, within the
experimentally constrained design space explored here,
all CNN-identified low-κl extrema are near-equiatomic
(Ge fraction ∼0.5); for structures with comparable in-
terface density and short blocks but Ge fractions signifi-
cantly different from 0.5 (not shown in Table I), the ther-
mal conductivity is consistently higher. This indicates
that near-equiatomic composition is favorable but must
act together with high interface density and appropriate
block-length patterns to achieve the lowest conductivi-
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ties.

DISCUSSION

In this work, we introduced an ML-guided NEGF
framework for the targeted discovery of extreme κl in Si-
Ge superlattices. By iteratively coupling first-principles
transport calculations with a 1D-CNN, we efficiently nav-
igated a large, experimentally constrained configuration
space and converged on structurally distinct profiles ex-
hibiting extreme thermal transport behavior. All simu-
lations were performed at 200 K, where phonon trans-
port in the studied systems is expected to be domi-
nated by coherent, elastic processes, so the main con-
clusions concern how structure controls coherent ther-
mal transport. At higher operating temperatures, anhar-
monic phonon–phonon scattering will reduce coherence
and quantitatively renormalize the thermal conductiv-
ity, but the underlying structure–transport relationships
identified here are expected to remain qualitatively un-
changed. Using this approach, we identify superlattice
configurations whose κl exceeds that of the best peri-
odic reference by approximately 33%, substantially sur-
passing the ∼3% enhancement reported in prior studies
[23]. Conversely, we discover configurations with κl re-
duced by approximately 35% relative to graded super-
lattices, which are commonly regarded as near-optimal
disorder-engineered structures. These results establish
that both the upper and lower bounds of thermal trans-
port in Si-Ge superlattices extend well beyond those ac-
cessible through conventional periodic or graded design
strategies. Beyond identifying extreme values, our anal-
ysis reveals that κl is governed by a small set of motif-
level descriptors, interface density, block-length statis-
tics, and spatial clustering, leading to broad degeneracy
in both low- and high-κl regimes. Distinct atomic-scale
profiles can therefore exhibit nearly identical transport
properties, underscoring the limitations of structure-by-
structure intuition and highlighting the importance of
learning-based exploration.

A combined analysis of phonon transmission, partic-
ipation ratio, and phonon density elucidates the mi-
croscopic mechanisms underlying these extremes. Low-
κl configurations suppress transport through cumula-
tive elastic scattering across many closely spaced in-
terfaces rather than through strong localization at iso-
lated regions, while high-κl configurations support ex-
tended, weakly reflected modes with minimal sensitivity
to interface placement. This distinction explains both
the observed degeneracy and the robustness of the ML
predicted optima. This distributed confinement mech-
anism contrasts sharply with the resonant, site-specific
localization observed in graded structures and explains
why ML predicted designs can surpass intuitive disorder-
engineering strategies. These findings indicate that min-
imizing κl in the ballistic regime does not require strong
localization at isolated sites, but rather the suppression of

coherent phonon transmission across a broad frequency
window through distributed elastic scattering.
Overall, this study demonstrates that ML can serve

not merely as a surrogate model, but as a discovery tool
that exposes hidden design principles and expands the
achievable bounds of thermal transport. The proposed
workflow is general because it relies only on layer-resolved
structural encoding, physics-based transport labels, and
iterative model refinement, without invoking material-
specific or hand-crafted descriptors. As a result, it can be
readily extended to other material systems, heterostruc-
tures, and transport regimes, providing a scalable path-
way for the inverse design of thermal materials beyond
human intuition.

METHODS

First-principles Simulations

For material properties of Si, we perform first-
principles calculations based on density functional the-
ory within the generalized gradient approximation us-
ing Perdew-Burke-Ernzerhof for the exchange-correlation
functional, as implemented in the Quantum-ESPRESSO
code [44]. A plane-wave energy cutoff of 60 Ry is
employed, and the Brillouin zone is sampled using a
Monkhorst–Pack 8 × 8 × 8 k-point mesh. The total en-
ergy is converged to within 10−8 Ry, and structural relax-
ation is carried out until the Hellmann–Feynman forces
on all atoms are below 10−6 Ry/bohr. To compute the
harmonic force constants, a 3 × 3 × 3 supercell is con-
structed, and the finite-displacement method is applied
using Phonopy [45]. The Brillouin zone of the supercell
is sampled with a Monkhorst–Pack 3×3×3 k-point grid.
Following previous studies, the harmonic force constants
of Ge are approximated to be identical to those of Si,
with only the difference in atomic mass taken into ac-
count [11, 30, 31].

Quantum transport Simulations

The σ and the derived κl calculations are performed
in the framework of the NEGF method, implemented
in the in-house developed tool [11, 31]. The harmonic
force constants generated using a combination of Quan-
tum ESPRESSO and Phonopy serve as the input to the
NEGF tool. To describe heat transport in the device re-
gion via phonons, we describe retarded Green’s function
as:

GR(ω; qt) =
[
ω2I − Φ̃(qt)− ΣR(ω; qt)

]−1

, (1)

where I is the identity matrix, ω is the phonon frequency,
and qt denotes the wave vector along the transverse pe-
riodic plane. The matrix Φ̃(qt) represents the Fourier-
transformed harmonic force constant matrix, and ΣR is
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the retarded self-energy accounting for the coupling be-
tween the device region and the contacts [46, 47]. The
retarded self-energy is obtained from the surface Green’s
functions of the semi-infinite leads using the decimation
technique [48] and is expressed as:

ΣR(ω; qt) = ΣR
1 (ω; qt) + ΣR

2 (ω; qt), (2)

The greater and lesser Green’s functions are evaluated
as [47, 49]:

G>,<(ω; qt) = GR(ω; qt) Σ
>,<(ω; qt)G

A(ω; qt), (3)

where GA is the advanced Green’s function, given by
the Hermitian conjugate of GR. The greater and lesser
self-energies include only the contributions from the two
contacts,

Σ>,<(ω; qt) = Σ>,<
1 (ω; qt) + Σ>,<

2 (ω; qt), (4)

and are determined by the Bose–Einstein distributions of
the contacts and the corresponding retarded self-energies.

The σ is then obtained using the Landauer formula
[50] as:

σ =
1

A

∫
ℏω
N

∑
qt

Tr
[
Γ1(ω; qt)G

R(ω; qt) Γ2(ω; qt)G
A(ω; qt)

]
× ∂fBE(ω, T )

∂T
dω,

(5)
where A is the transverse cross-sectional area, fBE de-
notes the Bose–Einstein distribution function, Tr repre-
sents the trace of a square matrix, andN is the number of
transverse wave vectors. The coupling matrices Γ1(2) are

defined as Γ1(2) = i
(
ΣR

1(2) − ΣA
1(2)

)
where the advanced

contact self-energy ΣA is the Hermitian conjugate of the
retarded self-energy ΣR. The κl is then derived from σ
using device length L as κl = σL. The phonon density is
calculated using the diagonal of G> as [51]:

ρ(ω,Rn) = Tr
[ 1

N

∑
qt

iG<
nn(ω; qt)

]
× ω

π
, (6)

where Rn denotes the position of atomic site n.
To characterize phonon localization, we compute the

phonon participation ratio (PR) [22, 52], defined as:

PR(ω) =
[ΣnLDOS(ω,Rn)]

2

NaΣn[LDOS(ω,Rn)]2
, (7)

where Na is the total number of atoms in the device and
LDOS(ω,Rn) is the local density of states at frequency
ω. The local density of states is evaluated as

LDOS(ω,Rn) =
ω

π
× 1

N

∑
qt

i
[
G>

nn(ω; qt)−G<
nn(ω; qt)

]
,

(8)

where n labels the atomic site.
A frequency grid consisting of 200 points is used for

the phonon energy integration, and the transverse direc-
tion is sampled using an N = 15 × 15 qt-point mesh,
as determined from convergence tests. Throughout this
work, all simulation results are presented at a temper-
ature of 200 K. This choice is motivated by previous
studies showing that, at this temperature, anharmonic
phonon–phonon scattering is significantly suppressed, al-
lowing phonon transport to be dominated by elastic
processes [11, 31]. As a result, wave effects such as
phonon coherence and localization can be more clearly
observed, while minimizing the influence of inelastic scat-
tering mechanisms. Although our calculations are re-
stricted to 200 K, we expect the qualitative structural
trends identified here to persist at higher temperatures.
Prior anharmonic-phonon NEGF studies of Si-Ge-type
interfaces have shown that including three-phonon scat-
tering enhances the thermal boundary conductance by
only about 10% at room temperature and up to ∼20%
at 600 K compared with the harmonic limit, while the
overall spectral features of heat transport remain essen-
tially unchanged [31]. This smooth, moderate renor-
malization with temperature suggests that anharmonic
phonon–phonon scattering primarily rescales the magni-
tude of thermal transport, rather than altering the under-
lying wave-based mechanism set by geometry and coher-
ent scattering. From this perspective, the ballistic NEGF
results at 200 K provide a coherent-transport baseline,
and the structure–transport relationships identified here
are expected to remain qualitatively valid at elevated
temperatures, even though their quantitative impact will
be reduced by increased decoherence.

Machine learning workflow

We employ a one-dimensional CNN (1D-CNN) to pre-
dict the σ and the corresponding κl from the atomic-scale
description of Si-Ge superlattice structures. A schematic
illustration of the network architecture is shown in Fig.
9. The input to the model is a structural representa-
tion consisting of 20 Si-Ge unit cells along the transport
direction. Each unit cell is discretized into four atomic
layers, resulting in a 1D sequence of 80 layers. Each layer
is encoded using an integer label, where 1 and 2 repre-
sent Si and Ge, respectively. This fine-grained layer-wise
encoding provides additional flexibility to represent sub-
unit-cell variations, such as half-unit-cell modifications
or interface reconstructions, if required.
Before being processed by the CNN, the discrete in-

put sequence is mapped to a continuous vector represen-
tation using an embedding layer of dimension 8. This
embedding allows the network to avoid artificial ordinal
relationships between Si and Ge [53]. The embedded
sequence is then passed through a series of 1D convolu-
tional layers designed to extract local structural motifs
and interface features relevant to phonon transport. The
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number of convolutional layers, the number of filters per
layer, and the kernel sizes are treated as hyperparame-
ters and optimized during model selection. Specifically,
we consider 3 convolutional layers, with the number of
filters ranging from 36 to 60 and kernel sizes between 3
and 7. Rectified Linear Unit (ReLU) activation functions
are used after each convolution to introduce nonlinearity.

To reduce the spatial dimensionality and improve
translational invariance, max-pooling layers are applied
after every two convolutional layers. Early stopping
based on the validation loss is employed to prevent un-
necessary training once convergence is reached. All net-
work weights are initialized using a random initialization
scheme consistent with the ReLU activation. Following
the convolutional feature extraction, the resulting fea-
ture maps are flattened and passed to a fully connected
neural network. This dense network consists of 2 hid-
den layers with 512 neurons per layer, each followed by
ReLU activation. Dropout regularization, with dropout
rate of 0.25, is employed after the hidden layer to miti-
gate overfitting. The final output layer consists of a single
neuron with linear activation, corresponding to the pre-
dicted value of σ (or κl). The model is trained by min-
imizing the mean squared error (MSE) loss between the
ML-predicted values and the reference values obtained
from NEGF calculations. For a training set consisting of
Ns samples, the MSE is defined as:

MSE =
1

Ns

Ns∑
i=1

(
yNEGF
i − ŷML

i

)2
. (9)

The performance of the trained models is evaluated us-
ing multiple regression metrics, including the coefficient
of determination (R2), root mean square error (RMSE),
and mean absolute percentage error (MAPE). With ref-
erence values yi, mean of the reference values ȳ, and pre-
dicted values ŷi, these metrics are defined as

R2 = 1−
∑Ns

i=1 (yi − ŷi)
2∑Ns

i=1 (yi − ȳ)
2
, (10)

RMSE =

√√√√ 1

Ns

Ns∑
i=1

(yi − ŷi)
2
, (11)

and

MAPE =
1

Ns

Ns∑
i=1

∣∣∣∣yi − ŷi
yi

∣∣∣∣× 100%. (12)

The CNN is trained using an 80/20 stratified
train–validation split of the NEGF dataset, and all re-
ported performance metrics refer to the held-out val-
idation set. To assess robustness, we retrained the
model with four different random seeds, which affect

both weight initialization and data shuffling, and also
varied the initial random batch of structures used to
start the active-learning loop. In all cases, the valida-
tion R2 exceeded 0.997 and the predicted low- and high-
κl extrema differed by less than 1% in κl compared to
the reference run, while exhibiting the same qualitative
structural characteristics (interface density, block-length
statistics, and composition). These tests indicate that
the CNN predictions, and in particular the identified
extreme-thermal-conductivity configurations, are robust
with respect to random initialization and data partition-
ing.
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TABLE I. Structural descriptors and thermal conductivity for representative low- and high-κl Si-Ge superlattices. The struc-
tural metrics correspond to the motif-level descriptors defined to quantify structural similarity (mean, standard deviation,
maximum block length, adjacency, and Ge fraction) for Fig. 3a. In addition, we include a spatial Ge asymmetry, defined as the
difference between the number of Ge layers in the left and right halves of the superlattice, normalized by the total number of
unit cells. We also examined the Ge center-of-mass position and block-sequence entropy as candidate descriptors; while these
carry equivalent structural information, Ge asymmetry provides the most direct connection.

Configuration Interfaces Mean Std. Max Adjacency Ge frac. Ge asymmetry κl (Wm−1K−1) NEGF observables

ML-low 1 12 6.15 2.98 12 3.00 0.50 +0.10 0.378

Cumulative elastic scattering with
distributed confinement;
suppressed mid-ω transmission;
low PR

ML-low 2 12 6.15 2.98 12 2.67 0.50 0.00 0.423

Cumulative elastic scattering with
distributed confinement;
suppressed mid-ω transmission;
low PR

ML-low 3 12 6.15 2.98 12 2.33 0.50 +0.10 0.436

Cumulative elastic scattering with
distributed confinement;
suppressed mid-ω transmission;
low PR

ML-high 1 2 26.67 16.11 40 34.00 0.05 −0.05 1.848

Robust propagation with
weak elastic reflection;
high broadband transmission,
high PR

ML-high 2 2 40.00 32.00 72 64.00 0.10 +0.10 1.477

Robust propagation with
weak elastic reflection;
high broadband transmission,
high PR

ML-high 3 3 20.00 23.32 60 24.00 0.10 −0.10 1.356

Robust propagation with
weak elastic reflection;
high broadband transmission,
high PR

FIG. 1. a) Schematic representation of the device geometry to model Si-Ge superlattices. The red and blue regions in represent
the contact regions. Green and peach spheres represent Si and Ge atoms, respectively. (b) Phonon dispersion of bulk Si using
density functional theory over the full Brillouin zone. (c) Comparison between the phonon dispersion of bulk Si obtained from
first-principles calculations and that reconstructed within the NEGF framework along the transport direction.
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FIG. 2. Schematic representing the NEGF-ML workflow. Convergence is achieved when NEGF stability, ML–NEGF consis-
tency, and iterative saturation of extrema and loss are simultaneously satisfied.
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FIG. 3. (a) Relative change in κl and fraction of overlapping
profiles as a function of iteration in ML-NEGF loop. (b)
Comparison of ML-predicted and NEGF-computed κl for the
ML corresponding to iteration 4 (dashed line in (a)). The
dashed gray line in (b) denotes the ideal 1:1 correspondence.
The shaded region represents a fixed ±5% deviation from this
line and is shown as a visual guide to highlight agreement
between ML predictions and NEGF results.
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FIG. 4. ML-identified superlattice profiles corresponding to
(a-c) lowest- and (d-f) highest-κl values.
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FIG. 5. Intuitive superlattice profile designs for (a) lowest
(graded), (b)fragmented graded and (c-f) highest (periodic)
κl values.
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FIG. 6. Transmission as a function of frequency for (a)
the lowest-κl case, comparing the ML-identified configuration
with the graded reference, and (b) the highest- κl case, com-
paring the ML-identified configuration with periodic reference
superlattices. Vertical dashed lines indicate the frequencies
selected for phonon-density analysis.
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FIG. 7. Participation ratio as a function of frequency for (a)
the lowest-κl case, comparing the ML-identified configuration
with the graded reference, and (b) the highest- κl case, com-
paring the ML-identified configuration with periodic reference
superlattices. Vertical dashed lines indicate the frequencies
selected for phonon-density analysis.
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FIG. 8. Phonon density for ML predicted extreme configu-
rations and reference structures at representative frequencies.
Phonon density at ω of (a,b) 4 THz (c,d) 5.12 THz, and (e,f)
12 THz. Shaded regions highlight localization of vibrational
energy in the graded configurations.
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FIG. 9. Schematic representation of the 1D-CNN model used in this study. 1D convolutional and pooling layers extract local
structural features, which are subsequently processed by fully connected layers to predict the σ/κl. The CNN surrogate is used
within an iterative ML–NEGF framework, as described in the text.


	Machine-Learning Discovery of Extreme Coherent Thermal Transport Governed by Motif-Level Order in Si-Ge Superlattices
	Abstract
	Abstract
	Introduction

	Results
	Thermal transport in Si-Ge superlattices
	Machine-learning framework and training
	Discovery of extreme lattice thermal conductivity
	Analysis of phonon characteristics
	Motif-level ordering

	Discussion
	Methods
	First-principles Simulations
	Quantum transport Simulations
	Machine learning workflow

	Acknowledgments
	Author contributions
	Competing interests
	Data Availability
	References

	References

