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 a b s t r a c t

This work presents a novel inverse design methodology that combines accurate non-equilibrium Green’s function 
(NEGF) simulations with machine learning to engineer Si/Ge superlattices with tailored phononic properties. A 
multi-layer perceptron architecture (MLP) is trained to predict both the integrated thermal conductivity 𝜅 and 
the full phonon transmission spectra 𝑇 (𝜈) from geometric descriptors, using a hybrid feature representation that 
combines statistical descriptors and principal component analysis (PCA)-compressed profiles. The model achieves 
excellent predictive accuracy, with a coefficient of determination of 𝑅2 ∼ 0.99 for 𝜅 and a root mean square error 
of ∼ 0.013 a.u. for 𝑇 (𝜈). The trained model enables rapid screening of 105 different structures, identifying optimal 
configurations that achieve a 10.20% reduction in 𝜅 compared to the best configurations in the original dataset. 
As a proof of concept, the methodology is applied to design a superlattice that selectively suppresses phonon 
transmission in the 15-36.2 meV (3.63-8.75 THz) frequency window, the characteristic emission range of the EL2 
recombination center in GaAs, thereby demonstrating frequency-targeted thermal management at the source. In 
this use case, the optimized structure achieves a 38.84% reduction in transmission within the targeted frequency 
window. The proposed workflow is general and can be adapted to any electronic device where specific phonon 
frequency windows contribute to localized heating, offering a versatile pathway for integrated, at-source thermal 
management.

1.  Motivation

The continuous drive for miniaturization and the increased density 
of semiconductor based devices in integrated circuits has led to a cri-
sis in thermal management [1]. In high-power electronics and laser 
power converters, the high operational power densities similarly lead 
to detrimental local hot spots [2,3]. These hot spots reduce perfor-
mance, accelerate material degradation, and compromise the reliability 
and operational lifespan of electronic systems [4,5]. Effectively miti-
gating these self-induced thermal effects is therefore a cornerstone of 
advancing semiconductor technology [4,5]. Conventional thermal solu-
tions, such as bulk liquid cooling or forced air convection, operate at the 
system or package level. These macroscale approaches are inherently in-
efficient at targeting microscopic hot spots and contribute significantly 
to the overall energy footprint. Notably, cooling can account for ap-
proximately 40% of a data center’s power consumption  [6,7]. This un-
derscores the critical need for innovative, in-system cooling paradigms 
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capable of extracting heat directly at its source within the chip architec-
ture [8–10]

Solid-state solutions based on semiconductor physics, such as asym-
metric double-barrier heterostructures or superlattices, offer a promis-
ing avenue for such integrated thermal management [11–13]. Super-
lattice heterostructures of alternating material layers provide a highly 
customizable platform for phonon engineering. By tailoring the layer se-
quence, thickness, and interface properties, the phonon dispersion and 
scattering mechanisms can be precisely manipulated, enabling direct 
control of the thermal conductivity (𝜅), which is defined as the rate 
of heat flow per unit temperature difference across the device. Silicon-
Germanium (Si/Ge) superlattices are of particular interest due to the 
material compatibility with mainstream silicon technology and the sig-
nificant acoustic mismatch between Si and Ge, which provides a strong 
lever for influencing phonon transport [14].

However, the inverse design of optimal Si/Ge superlattice struc-
tures for a target thermal property presents a formidable challenge. 
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The design space, defined by parameters such as individual layer thick-
nesses, number of interfaces, and periodicity conditions, is vast and 
high-dimensional. The underlying principle relies on selectively fil-
tering detrimental phonon modes by engineering the phononic band 
structure. Prior studies have shown that phonon transport in Si/Ge
multilayers arises from a competition between coherent interference and 
incoherent scattering mechanisms, highlighting how layer ordering and 
disorder strongly modulate transmission spectra and thermal conduc-
tance [15]. While tuning periodicity and acoustic contrast can create 
phononic band gaps or suppress specific frequency (𝜈) ranges, the re-
lationship between structural parameters and thermal conductivity is 
highly non-linear, governed by complex wave interference and scatter-
ing phenomena. Consequently, a trial-and-error optimization reliant on 
computationally intensive phonon transport simulations, such as meth-
ods based on the non-equilibrium Green’s function (NEGF) formalism, 
becomes prohibitively costly and time-consuming for navigating this in-
tricate design space.

This bottleneck highlights the necessity of exploring sophisticated 
algorithmic or machine-learning (ML) based strategies to guide the de-
sign process of these customizable superlattices. ML-based design of ape-
riodic Si/Ge superlattices has been previously explored using big-data 
pattern analysis to identify low-conductivity configurations [16], and 
molecular dynamics ML approaches have also been used to optimize 
periodic, graded, and aperiodic multilayers [17]. In contrast to these 
conductivity focused studies, the present work combines NEGF-based 
coherent phonon transport with ML to predict full frequency resolved 
transmission spectra. This enables an inverse-design workflow in which 
the superlattice geometry is optimized to suppress a specific phonon-
emission window (15–36.2 meV for EL2 in GaAs), rather than simply 
minimizing overall thermal conduction. Motivated by the successful ap-
plication of ML in related nanoelectronic domains [18–21], we propose a 
computational methodology that leverages NEGF and ML to efficiently 
explore the design space and identify spectrally selective superlattice 
configurations.

While the present study focuses on optimizing Si/Ge superlattices, 
the core inverse design strategy is fundamentally general. It can be di-
rectly applied to other material systems to mitigate heating from spe-
cific non-radiative recombination processes. To illustrate this critical 
application, we target the EL2 center (arsenic antisite, 𝐴𝑠Ga) in gal-
lium arsenide (GaAs), a dominant non-radiative recombination center 
and a major reliability challenge in GaAs-based high-frequency elec-
tronics, optoelectronic devices and laser power converters [22–24]. 
Its non-radiative recombination process releases a characteristic spec-
tra of high-energy phonons that contribute directly to localized heat-
ing, efficiency loss, and long-term degradation. A superlattice engi-
neered to create a phononic stop-band overlapping this specific spec-
tral signature would provide integrated, at-source thermal management 
for GaAs-based devices. The inverse design workflow demonstrated 
here, from defining a target phonon spectra to inversely determining 
the optimal superlattice geometry, is directly transferable to similar 
challenges in other semiconductor platforms, requiring only the rel-
evant material parameters and the target phonon frequency range as
inputs.

The remainder of this work is organized as follows. Section 1.1 de-
scribes the Si/Ge superlattice device, its key geometric parameters, and 
the physical principles governing thermal transport in these structures. 
Section 1.2 introduces the EL2 recombination center in GaAs as a rele-
vant use case, detailing its non-radiative recombination mechanism and 
establishing the target frequency window for phonon filtering. Section 2 
presents the computational methodology, including the NEGF simula-
tions, dataset generation, feature engineering, and the multi-layer per-
ceptron (MLP) architecture employed. Section 3 presents the main re-
sults and their discussion, organized as follows: Section 3.1 validates the 
ML workflow against NEGF simulations; Section 3.2 applies the method-
ology to identify superlattice configurations achieving extreme thermal 
conductivity values and demonstrates the inverse-design for active cool-

Fig. 1. Schematic of a superlattice with Silicon (Si) and Germanium (Ge) atomic 
layers. Note that, the contacts are made of Si, corresponding to a hot bath and 
cold bath contact. The superlattice unit cell (uc) is defined as 4 at. layers.

ing of the proposed superlattices by filtering the targeted phonon win-
dow. Finally, Section 4 summarizes the key findings of this work.

1.1.  Si/Ge superlattice

The inverse design methodology presented in this work is developed 
and validated using a Si/Ge superlattice. As illustrated in Fig. 1, these 
semiconductor-based devices consist of a quasi-one-dimensional succes-
sion of alternating Si and Ge atomic layers, which selectively transmit 
or block phonons propagating from a hot Si contact to a cold Si con-
tact, thereby extracting heat from an electronic device. Their phononic 
response—specifically, the transmission and absorption spectra of ther-
mal phonons—is governed by a set of key geometric parameters: the 
number of unit cells (uc, defined as the concatenation of 2 at. layers of 
the same material), the number of interfaces, the total number of layers 
of the device and the specific sequence and periodicity of the materials. 
By engineering these parameters, the superlattice’s phononic band struc-
ture can be tailored to create band gaps or suppress targeted frequency 
modes, thereby enabling precise control over 𝜅. Recent work has shown 
that phonon coherence depends not only on layer ordering but also on 
the total number of layers. Maranets et al. [25] demonstrated that inter-
ference features strengthen with increasing device length, underscoring 
the relevance of finite-size effects and motivating the fixed-length con-
straint adopted here.

This Si/Ge system serves as an ideal device for several reasons: (i) 
the significant acoustic impedance contrast between Si and Ge provides 
a strong mechanism for phonon scattering; (ii) both materials are tech-
nologically mature, with well-characterized properties; and (iii) the sys-
tem’s complexity is representative of the broader challenge of design-
ing phononic crystals for thermal management [26,27]. To comprehen-
sively assess the utility of the inverse design methodology, we apply it 
to two distinct design objectives, both within the constraint of a fixed 
total device length 𝐿𝑡𝑜𝑡 and guided by practical experimental limits. 
First, we identify superlattice configurations that achieve the theoret-
ical minimum 𝜅. Second, we move beyond scalar conductivity to per-
form frequency-targeted phonon engineering. Here, the objective is to 
select the optimal superlattice geometry that minimizes the contribution 
of the EL2 recombination centers by designing a phononic stop-band to 
suppress its specific, detrimental phonon emission window.

1.2.  EL2 recombination centers in GaAs

The relevance of the EL2 center as a use case for our inverse design 
methodology lies in its nature as a primary phonon emission source 
in GaAs-based applications. The EL2 defect is identified as a deep-
level arsenic antisite (𝐴𝑠Ga), where an arsenic atom occupies a gallium 
lattice site. This defect introduces a donor level within the mid-gap, 
typically located at 𝐸𝐶 − 0.75 eV (where 𝐸𝐶 is the conduction energy 
band) [28,29]. Native to GaAs, EL2 acts as the dominant non-radiative 
recombination center, significantly impacting the thermal and electri-
cal performance of high-frequency electronic and optoelectronic de-
vices [30,31].
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Fig. 2. Schematic representation of non-radiative recombination at the EL2 cen-
ter in GaAs. The diagram illustrates the conduction band (𝐸𝐶 ), valence band 
(𝐸𝑉 ), and the trap level at 𝐸𝐸𝐿2 ≈ 𝐸𝐶 − 0.75 eV. Following the Franck-Condon 
principle, lattice relaxation (𝐸𝐹𝐶 ≈ 𝐸𝐸𝐿2 − 0.145 eV) triggers the emission of a 
multiple phonon cascade. This energy release, primarily concentrated in the 15-
36.2 meV (3.63-8.75 THz) range, encompasses both optical phonons and high-
energy acoustic modes. This cascade constitutes the primary source of localized 
hot spots in GaAs-based devices and defines the target spectral window for our 
superlattice design.

During the capture of emission of charge carriers at an EL2 site, 
energy is dissipated through the emission of multiple phonons in a 
process governed by the Franck-Condon principle and described by 
multiphonon-assisted tunneling models [32,33]. Electron capture trig-
gers a significant lattice relaxation toward a new equilibrium configu-
ration. The associated Franck-Condon shift, estimated at approximately 
145 meV, defines the total energy scale of the resulting phonon cas-
cade [33,34]. The spectral distribution of these emitted phonons is dic-
tated by the interaction between the defect relaxation and the GaAs 
phonon density of states.

Two distinct spectral regimes are identified for thermal management. 
The first is a high-energy regime (from 15 to 36.2 meV), corresponding 
to frequencies between 3.63 and 8.75 THz. This window encompasses 
the longitudinal and transverse optical (LO/TO) modes of GaAs, which 
are characterized by low group velocities and lead to the formation of 
localized hot-spots [35]. Additionally, this range includes high-energy 
acoustic phonons (from 15 to 25 meV) generated during the initial stages 
of the relaxation cascade. These phonons exhibit a reduced mean free 
path as they are highly susceptible to Umklapp scattering, which hinders 
efficient heat transport away from the defect. In contrast, the low-energy 
acoustic regime (below 15 meV) consists of the primary heat carriers in 
GaAs. These modes possess high group velocities and long mean free 
paths, enabling macroscopic heat dissipation [36].

Consequently, the frequency window for phonon filtering is estab-
lished between 3.63 and 8.75 THz (15 to 36.2 meV). This target range 
captures the characteristic phonon emission of the EL2 center while pre-
serving the low-frequency acoustic modes essential for device cooling. 
The Si/Ge superlattice system employed in this work exhibits a trans-
mission cutoff of up to 16 THz, ensuring that the EL2 target range falls 
entirely within the tunable window of the material. This provides the 
necessary spectral flexibility to engineer phononic band structures ca-
pable of suppressing harmful frequencies through targeted interference 
and scattering. A schematic representation of the EL2 emission process 
and the corresponding energy levels is provided in Fig. 2.

2.  Methodology

The combined NEGF and ML methodology developed in this work is 
summarized in the workflow diagram of Fig. 3. The approach consists 

Fig. 3. Schematic overview of the combined NEGF + ML methodology. The 
workflow comprises two sequential phases: (1) NEGF data generation from 
Si/Ge material properties and device profiles; (2) model training and optimiza-
tion for targeted thermal management objectives, with final selection of optimal 
devices.

of two sequential phases designed to efficiently navigate the vast design 
space of Si/Ge superlattices while maintaining physical accuracy.

The first phase focuses on generating a reliable dataset through 
physics-based simulations. Starting from density functional theory 
(DFT) calculations of Si, a set of device profiles is defined by varying key 
geometric parameters. NEGF simulations are then performed to com-
pute the thermal conductivity (𝜅) and the frequency-dependent phonon 
transmission (𝑇 (𝜈)) for each configuration. This phase provides the ini-
tial dataset for the subsequent optimization stage.

The second phase, illustrated in Fig. 3, leverages this dataset to train 
a model based on a MLP. As depicted in the figure, a preprocessing 
stage (explained in Section 2.2) is first applied to transform the raw 
device profiles into the input tensor 𝑋⃗, while the simulation outputs 
are independently preprocessed to obtain the target properties 𝜅 and 
𝑇 (𝜈) for training the MLP. Once trained, the model enables rapid pre-
diction of device performance, allowing the exploration of a large num-
ber of candidate structures (referred to as artificial profiles in Fig. 3) 
at minimal computational cost. These artificial profiles are processed to 
generate the candidates tensor (𝑋⃗𝑐𝑎𝑛𝑑𝑖𝑑𝑎𝑡𝑒𝑠) and used as input into the 
trained MLP to obtain their respective 𝜅 and 𝑇 (𝜈). The optimal device 
selection then identifies superlattice configurations that meet specific 
thermal management objectives.

The following subsections describe each phase in greater detail, start-
ing with the simulation methodology and then the optimization method-
ology.

2.1.  Simulation methodology

For the evaluation of material properties of Si, first-principles cal-
culations are carried out within the framework of DFT using the gen-
eralized gradient approximation with the Perdew– Burke–Ernzerhof 
exchange–correlation functional, as implemented in the Quantum 
ESPRESSO package [37]. A plane-wave basis set with an energy cut-
off of 60 Ry is employed. Brillouin zone integrations are performed us-
ing a Monkhorst–Pack 8 × 8 × 8 𝑘-point grid. The total energy conver-
gence threshold is set to 10−8 Ry, while structural optimization proceeds
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until the Hellmann–Feynman forces on each atom are reduced below 
10−6 Ry/bohr. Harmonic interatomic force constants are obtained using 
the finite-displacement approach as implemented in Phonopy [38]. For 
this purpose, a 3 × 3 × 3 supercell is constructed, and the corresponding 
Brillouin zone is sampled with a 3 × 3 × 3 Monkhorst–Pack 𝑘-point mesh. 
Consistent with prior works, the harmonic force constants of Ge are as-
sumed to be identical to those of Si, with the only distinction arising 
from the difference in atomic masses [39–41]. Note that using a com-
mon harmonic force-constant model for Si and Ge is a controlled ap-
proximation. Prior studies of Si/Ge vibrational properties have shown 
that reduced models reproduce the phonon dispersion and are consistent 
with experimental benchmarks for bulk Si, Ge, and Si/Ge heterostruc-
tures [40,42,43]. However, the mass approximation may overestimate 
phonon transmission across interfaces, particularly for high-frequency 
phonons, because it neglects local force-constant disorder arising from 
alloying and strain in real systems. Since we focus here on clean inter-
faces, it is expected that the spectral features relevant to the filtering 
behavior discussed in this work will be retained.

Thermal conductance (𝜎) and the corresponding thermal conductiv-
ity (𝜅) are computed using the non-equilibrium Green’s function (NEGF) 
formalism within an in-house developed framework [40,41]. The har-
monic force constants obtained from Quantum ESPRESSO and Phonopy 
serve as input for the transport calculations. Phonon transport through 
the device region is described by the retarded Green’s function:

𝐺𝑅(𝜔; 𝑞𝑡) =
[

𝜔2𝐼 − Φ̃(𝑞𝑡) − Σ𝑅(𝜔; 𝑞𝑡)
]−1

, (1)

where 𝜔 = 2𝜋𝜈 denotes the phonon angular frequency, 𝐼 is the identity 
matrix, and 𝑞𝑡 represents the transverse wave vector. The matrix Φ̃(𝑞𝑡)
corresponds to the Fourier-transformed harmonic force constant matrix, 
while Σ𝑅 captures the interaction between the device and the semi-
infinite contacts [44,45]. The total retarded self-energy is expressed as 
the sum of the contributions from the left and right contacts,
Σ𝑅(𝜔; 𝑞𝑡) = Σ𝑅

1 (𝜔; 𝑞𝑡) + Σ𝑅
2 (𝜔; 𝑞𝑡), (2)

which are evaluated using the surface Green’s functions of the contacts 
via the decimation method [46].

The greater and lesser Green’s functions are evaluated as [45,47]:
𝐺>,<(𝜔; 𝑞𝑡) = 𝐺𝑅(𝜔; 𝑞𝑡) Σ>,<(𝜔; 𝑞𝑡)𝐺𝐴(𝜔; 𝑞𝑡), (3)

where the advanced Green’s function 𝐺𝐴 is given by the Hermitian con-
jugate of 𝐺𝑅. The corresponding self-energies are written as:
Σ>,<(𝜔; 𝑞𝑡) = Σ>,<

1 (𝜔; 𝑞𝑡) + Σ>,<
2 (𝜔; 𝑞𝑡), (4)

and are determined by the Bose–Einstein occupation of the contacts to-
gether with their retarded self-energies.

The 𝜎 is then obtained using the Landauer formula [48] as:

𝜎 = 1
𝐴 ∫

ℏ𝜔
𝑁

∑

𝑞𝑡

Tr
[

Γ1(𝜔; 𝑞𝑡)𝐺𝑅(𝜔; 𝑞𝑡) Γ2(𝜔; 𝑞𝑡)𝐺𝐴(𝜔; 𝑞𝑡)
]

×
𝜕𝑓BE(𝜔, 𝑇 )

𝜕𝑇
𝑑𝜔,

(5)

where 𝐴 is the transverse cross-sectional area, 𝑓BE denotes the Bose–
Einstein distribution function, Tr represents the trace of a square matrix, 
and 𝑁 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 𝜅 is then derived from 𝜎 using device length L as 𝜅 = 𝜎L. The 
phonon density is calculated using the diagonal of G> as [49]:

𝜌(𝜔,𝑅𝑛) = Tr
[ 1
𝑁

∑

𝑞𝑡

𝑖𝐺<
𝑛𝑛(𝜔; 𝑞𝑡)

]

× 𝜔
𝜋
, (6)

where 𝑅𝑛 denotes the position of atomic site 𝑛.
A discretization of 200 frequency points is used for energy inte-

gration, while the transverse Brillouin zone is sampled using a 15 × 15
𝑞𝑡-point grid, as verified through convergence analysis. Although our 

calculations are performed at 200 K to suppress anharmonic scattering 
and isolate coherent transport effects, we expect the qualitative trends 
reported here to persist at higher temperatures. Prior anharmonic-
phonon NEGF studies of Si/Ge-type interfaces have shown that including 
three-phonon scattering increases the thermal boundary conductance by 
∼10% at room temperature and up to ∼20% at 600 K relative to the har-
monic limit, while leaving the spectral features of transport largely un-
changed [40]. This indicates that anharmonicity primarily introduces a 
quantitative renormalization rather than a qualitative change in trans-
port behavior. Accordingly, the ballistic NEGF results presented here 
should be interpreted as a coherent-transport baseline, with the identi-
fied structural trends expected to remain qualitatively valid at elevated 
temperatures, although with reduced magnitude due to increased deco-
herence.

To maintain experimental relevance, the layer thicknesses consid-
ered here were chosen within ranges commonly accessible in epitaxial 
Si/Ge heterostructures. In particular, Ge layers were kept thin enough 
to remain in the coherent-growth regime and avoid significant strain 
relaxation [50,51], while Si spacer layers were allowed to vary over a 
broader range consistent with experimentally realized multilayer struc-
tures [52–54]. These constraints ensure that the proposed superlattice 
designs are physically plausible for fabrication, even though the present 
work focuses primarily on coherent transport trends. The use of the EL2 
phonon-emission window in GaAs is presented here as a theoretical use 
case to demonstrate how the proposed Si/Ge superlattice can be engi-
neered to target a specific phonon-energy range. The NEGF model em-
ployed in this work does not include GaAs or a GaAs/SiGe interface, and 
therefore no assumption is made regarding the actual phonon-coupling 
efficiency between GaAs and the Si/Ge structure. A realistic implemen-
tation would require explicit modelling of interfacial phonon transmis-
sion, acoustic and optical mismatch, interface roughness, and other non-
idealities, supported by experimental data. These aspects lie beyond the 
scope of the present theoretical study but constitute essential steps for 
future work aimed at integrating the proposed Si/Ge phonon-filtering 
structures into GaAs-based devices.

2.2.  Optimization methodology

The second phase of the workflow, illustrated in Fig. 3, begins with 
dataset preprocessing. Following the data generation phase, in this step 
the simulation data is transformed into an efficient input/output repre-
sentation suitable for the training of the MLP model. This step is further 
detailed in Fig. 4, which shows the complete transformation from the 
device profiles to the final input tensor 𝑋⃗ and the stratified data split.

As shown in Fig. 4, the device profiles are first organized into two 
complementary subsets: one with a fixed device length and another with 
variable device lengths. This dual-structured dataset is comprised of 
2500 unique configurations, ensuring that the model learns both the 
specific features of length-constrained devices and the general physical 
relationships between composition, periodicity, and phonon transport.

Next, two parallel feature extraction pathways are applied. The first 
pathway extracts a set of key statistical descriptors from the ensemble of 
device profiles, including the distribution’s mean value, standard devi-
ation, median, peak-to-peak distance, skewness, kurtosis, 25𝑡ℎ and 75𝑡ℎ
percentiles, profile tendency (mean of the first difference), and tendency 
variability (standard deviation of the first difference). These statistical 
descriptors provide a compact, high-level summary of the device profile 
distribution.

The second pathway begins by normalizing the full high resolution 
device profile using a Min-Max scaler, ensuring that all layer thicknesses 
are mapped to a consistent range prior to dimensionality reduction. Sub-
sequently, Principal Component Analysis (PCA) [55] is applied to com-
press the full material-profile descriptor from its original 896 features 
to 60 principal components, while preserving 99% of the cumulative 
variance. This reduction retains the dominant structural variations in a 
compact and numerically stable representation. The final input tensor 
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Fig. 4. Detailed view of the input dataset preprocessing workflow.

𝑋⃗ (dimension 71) is obtained by concatenating the scaled statistical de-
scriptor set (11 features) with the PCA-reduced profile representation 
(60 principal components).

Following the construction of the input features, the target variables 
(outputs) are also preprocessed to improve model training stability and 
performance. For the scalar thermal conductivity 𝜅, we apply a loga-
rithmic transformation (log 𝜅) to reduce the dynamic range of the data, 
followed by a Min-Max scaler to normalize the values to the [0, 1] in-
terval. For the spectral transmission data 𝑇 (𝜈), we directly apply the 
Min-Max scaler to each frequency point, normalizing the transmission 
values.

To ensure a representative distribution of the device performance 
across all data subsets, we perform a stratified split based on the tar-
get log 𝜅. For the stratification, the dataset is first sorted and binned 
according to log 𝜅 values. Samples are then drawn proportionally from 
each bin to form the training (70%), validation (15%), and test (15%) 
subsets. This stratified approach guarantees that each subset contains 
a similar distribution of low, medium, and high conductivity devices, 
thereby preventing sampling bias and ensuring robust generalization.

The core of the optimization methodology is an MLP surrogate model 
implemented using the PyTorch Lightning framework [56]. The network 
is trained to predict both the integrated 𝜅, and the full phonon transmis-
sion spectra 𝑇 (𝜈), enabling simultaneous access to scalar and frequency-
resolved transport information. The input descriptor tensor 𝑋⃗ is shared 
across both prediction tasks. The MLP architecture consists of an input 
layer followed by two hidden layers and an output layer. Each hidden 
layer of the MLP applies a linear transformation followed by layer nor-
malization and a ReLU activation function. The linear layers provide 
affine transformations of the input features, LayerNorm stabilizes the 
intermediate activations and improves optimization robustness, and the 
ReLU activation introduces a non-saturating nonlinearity that facilitates 
gradient flow, reduces the risk of dead neurons, and enhances the surro-
gate model’s ability to capture spectral features. The number of neurons 
in each layer is 71 (input), 178 (first hidden layer), 142 (second hid-
den layer), and 35 in the output layer (34 for 𝑇 (𝜈) and 1 for 𝜅). All 
weights are initialized from a normal distribution with a mean of 0 and 
a standard deviation of 0.01.

Training is performed using the Adam optimizer [57] with an initial 
learning rate of 0.1 and a batch size of 32. To prevent stagnation in 
local minima, we employ the PyTorch ReduceLROnPlateau scheduler 
that adaptively decreases in a factor of 0.5 the learning rate when the 
validation loss stops improving. Early stopping based on validation loss 
is also applied to avoid overfitting. The model is trained to optimize two 

different loss functions selected according to the nature of each target 
property. For the scalar thermal conductivity 𝜅, we minimize the Root 
Mean Squared Error (RMSE), defined as:

RMSE =

√

√

√

√

1
𝑛

𝑛
∑

𝑖=1
(𝜅𝑖 − 𝜅̂𝑖)2, (7)

where 𝜅𝑖 is the simulated thermal conductivity, 𝜅̂𝑖 is the predicted ther-
mal conductivity, and 𝑛 the number of samples. RMSE is the standard 
choice for scalar regression tasks because it heavily penalizes large devi-
ations, encouraging the model to converge toward the mean of the target 
distribution. Moreover, its quadratic nature yields gradients that scale 
with the error, enabling efficient and stable convergence near the opti-
mum. For the phonon transmission spectra 𝑇 (𝜈), the chosen loss function 
is the Smooth L1 loss (also known as Huber loss) [58], defined as:

Smooth L1(𝑦, 𝑦̂) =
{

0.5 ⋅ (𝑦 − 𝑦̂)2, if |𝑦 − 𝑦̂| < 1
|𝑦 − 𝑦̂| − 0.5, otherwise

(8)

where 𝑦 and 𝑦̂ denote the simulated and predicted transmission values, 
respectively. This choice is motivated by the distinct nature of spectral 
prediction: 𝑇 (𝜈) is a high-dimensional output that must simultaneously 
capture fine spectral features across a wide dynamic range. Smooth L1 
combines the advantages of L2 loss (mean square error) for small errors, 
ensuring smooth convergence near the optimum, with the robustness of 
L1 loss (mean absolute error) against large errors, providing bounded 
gradients and outlier insensitivity [59]. Training incorporates an early 
stopping callback, monitored on the validation loss, and a learning 
rate scheduler. This combination halts the process when performance 
plateaus and dynamically adjusts the optimization step size, ensuring 
efficient convergence and optimal generalization for each property.

To evaluate the accuracy of the predictions, we employ two comple-
mentary metrics. For 𝜅, we use the coefficient of determination (𝑅2):

𝑅2 = 1 −
∑𝑛

𝑖=1(𝜅𝑖 − 𝜅̂𝑖)2
∑𝑛

𝑖=1(𝜅𝑖 − 𝜅̄)2
, (9)

where 𝜅̄ is the mean of the simulated 𝜅𝑖 values. This metric provides 
a normalized measure of how well the model captures the variance in 
the target properties, with values close to 1 indicating excellent predic-
tive performance. For 𝑇 (𝜈), we use the RMSE to quantify the absolute 
prediction error when predicting the spectra in physical units.

To further assess the robustness and reliability of the surrogate model 
beyond standard accuracy metrics, we employ complementary measures 
tailored to the nature of each predicted quantity. For the scalar thermal 
conductivity 𝜅, the predictive uncertainty is quantified by using 95% 
prediction intervals (PI) derived from the empirical residual distribution 
(𝜅𝑖 − 𝜅𝑖), together with the empirical coverage (EC), defined as the frac-
tion of true values lying within their corresponding interval. This metric 
provides a probabilistic characterization of the model’s confidence in its 
scalar predictions. For the phonon transmission spectra 𝑇 (𝜈), robustness 
is evaluated using the spectral Pearson correlation (𝜌) [60], computed 
over the frequency axis for each sample. This metric captures the sim-
ilarity in spectral shape between simulated and predicted transmission 
curves, complementing RMSE by assessing the model’s ability to repro-
duce fine spectral features across the full frequency domain

Once the MLP model is trained and validated, it is employed to 
map a vast design space of unobserved configurations. To explore the 
Si/Ge multilayer design space beyond the configurations available in the 
NEGF-derived dataset, a large pool of artificial candidate profiles is gen-
erated under a set of strict physical and statistical constraints. In total, 
105 candidates are produced, each consisting of a fixed material profile 
length of 80 at. layers. The generation process does not enumerate all 
possible binary sequences, nor does it sample arbitrary configurations. 
Instead, it follows a controlled procedure designed to ensure fabrication 
feasibility and consistency with the statistical properties of the initial 
dataset. Each profile is represented as a discrete sequence of atomic lay-
ers, where each layer is assigned a binary material label (1 = Si, 2 = 
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Ge). To avoid isolated single-layer inclusions, which are not physically 
fabricable, a minimum block size of two consecutive atomic layers of 
the same material is imposed. Furthermore, the initial dataset contains 
structures with 1 to 38 Si/Ge interfaces, and all generated candidates 
are restricted to this same range to prevent non-representative artifi-
cial profiles. The Si volume fraction of each candidate must lie within 
the 5th–95th percentile of the initial dataset distribution, ensuring that 
compositions remain representative of the underlying physical system. 
Candidates identical to any structure in the initial dataset or previously 
evaluated during optimization are automatically discarded using a hash-
based check. To ensure that the surrogate model operates strictly in an 
interpolation regime, a trust-region constraint based on structural simi-
larity is imposed. For each candidate, the normalized Hamming distance 
is computed:

𝑑𝐻 = 1
𝐿

𝐿
∑

𝑖=1
(𝑝𝑖 ≠ 𝑞𝑖), (10)

where 𝑝𝑖 and 𝑞𝑖 are the proposed and initial dataset material profile 
points, respectively. An artificial candidate is accepted only if it has at 
least 10 neighbors in the initial dataset with 𝑑𝐻 < 0.03 (∼ 2.5% differ-
ence) and satisfies all other physical constraints. This guaranties that 
every candidate belongs to a region of the design space that is suffi-
ciently sampled and physically meaningful. In addition to the physical 
and statistical constraints described above, candidate profiles are sam-
pled using the covariance matrix adaptation evolution strategy (CMA-
ES) optimization algorithm [61]. The sampler operates in a continuous 
latent space 𝑧 ∈ [0, 1]80, and each proposed vector is deterministically 
mapped to a discrete Si/Ge multilayer by thresholding each compo-
nent (𝑧𝑖 < 0.5 → 𝑆𝑖, 𝑧𝑖 ≥ 0.5 → 𝐺𝑒) and subsequently enforcing all phys-
ical constraints (minimum block size, interface-count limits, composi-
tion bounds, and trust-region similarity criteria). Thus, the sampler does 
not generate arbitrary binary sequences; it explores only the physically 
admissible region of the design space defined by our constraints. The 
resulting dataset is then preprocessed using the same scaling and PCA 
transformations fitted on the original NEGF-derived training data.

Finally, although the surrogate model and CMA-ES sampler are used 
to efficiently explore the constrained design space, the best candidate 
structures at the end of the optimization process are independently re-
calculated using full NEGF simulations. This verification step ensures 
that the reported phonon-transmission spectra and stop-band character-
istics correspond to physically accurate NEGF results rather than sur-
rogate predictions and prevents approximation errors from propagating 
into the final inverse-designed structures.

The presented methodology constitutes an inverse-design framework 
because the optimization target is specified a priori. The desired phonon-
frequency window to be suppressed (15–36.2 meV for the EL2 defect in 
GaAs) is defined first, and the structural parameters of the Si/Ge su-
perlattice are subsequently inferred to satisfy this target. The surrogate 
model is therefore used to accelerate the search within the constrained 
design space imposed by the inverse problem, rather than performing an 
unconstrained forward-prediction sweep. This distinction ensures that 
the workflow follows a target-driven inverse-design paradigm rather 
than a purely forward screening strategy.

In the present implementation, all Si/Ge superlattices used for op-
timization share a fixed total length of 80 at. layers. Consequently, 
the CMA-ES sampler explores only the corresponding fixed-length de-
sign space. This constraint, however, is not inherent to the method-
ology: extending the framework to variable-length multilayers would 
only require increasing the NEGF-derived dataset with additional pro-
file lengths and retraining the surrogate on a feature representation that 
explicitly encodes layer count, enabling reliable interpolation across de-
vices of different sizes.

2.3.  Structural characterization of superlattices

To characterize the structural properties of the optimized and ref-
erence Si/Ge superlattices, we compute a set of descriptors commonly 
used in signal analysis and elastic-wave physics. The number of inter-
faces is obtained by counting all material transitions along the profile. 
Thickness variability is quantified through the mean (𝜇𝑡) and standard 
deviation (𝜎𝑡) of the thickness sequence. Global aperiodicity is measured 
using the Shannon entropy of the thickness distribution (𝐻). For a thick-
ness sequence 𝑡 = {𝑡1, 𝑡2,… , 𝑡𝑁}, let   denote the set of distinct thickness 
values and let 𝑝(𝑡𝑖) be the empirical probability of observing thickness 
𝑡𝑖 ∈  , computed as the relative frequency of 𝑡 in the sequence. The en-
tropy is then defined as:
𝐻 = −

∑

𝑡𝑖∈
𝑝(𝑡𝑖) log 𝑝(𝑡𝑖), (11)

which increases when the multilayer contains a broader and more ir-
regular set of thickness values. Short-range structural order is quanti-
fied through the characteristic correlation length (𝓁𝑐𝑜𝑟𝑟) of the thickness 
sequence. For a profile the discrete autocorrelation (𝐶(𝑘)) function is 
computed and normalized (𝐶̃(𝑘)) as:

𝐶(𝑘) = 1
𝑁 − 𝑘

𝑁−𝑘
∑

𝑖=1
𝑡𝑖 𝑡𝑖+𝑘, 𝐶̃(𝑘) =

𝐶(𝑘)
𝐶(0)

. (12)

𝐶̃(𝑘) measures how fast structural correlations decay with layer separa-
tion. 𝓁corr is defined as the smallest integer shift 𝑘 for which 𝐶̃(𝑘) falls 
below a fixed threshold (here 𝜂 = 0.5):

𝓁corr = min{ 𝑘 | 𝐶̃(𝑘) < 𝜂 }. (13)

Spatial modulation is characterized by the dominant frequency of the 
discrete Fourier transform of the thickness sequence, following classi-
cal FFT-based spectral analysis. This metric provides a direct link to 
the interference mechanisms responsible for frequency-selective phonon 
filtering: multilayers with higher dominant spatial frequency exhibit 
stronger high-contrast modulation of acoustic impedance, enabling de-
structive interference at phonon wavelengths that satisfy an approxi-
mate Bragg condition 𝜆ph ≈ 2𝑑eff , where 𝑑eff  is the effective structural 
period associated with the dominant spatial frequency. Finally, the 
acoustic-impedance contrast across interfaces is computed using stan-
dard definitions from elastic-wave theory [62], providing a measure 
of the scattering strength that contributes to stop-band formation and 
phonon localization.

2.4.  Computational resources and cost analysis

All DFT and NEGF calculations were performed on SkyLake Dell 
PowerEdge C6420 nodes equipped with 32-core Intel® Xeon® Gold 
6142 processors (2.6GHz) and 192 GB of RAM. The one-time DFT work-
flow for Si (geometry optimization, electronic structure, and phonon 
properties) requires approximately 64 cores × 12 h = 768 core-hours. 
NEGF simulations for individual structures require between 225 and 900 
cores depending on system size; using an average of 550 cores and a 
wall-time of 20 s per run, each NEGF evaluation costs approximately 3 
core-hours. For a system composed of 40 unit cells, the total number of 
possible Si/Ge configurations exceeds 1012, implying a brute-force cost 
of more than 3 × 1012 core-hours.

Surrogate-model training, inference, and dataset generation were 
performed on a local workstation equipped with an Intel® Core™ i9-
10850K CPU (10 cores, 20 threads, 3.60–5.20GHz), using 5 parallel 
threads. Under these conditions, the MLP requires 6.6min to train, 
corresponding to 0.55 core-hours. Loading the trained model for pre-
diction takes 0.02 s. Efficiently sampling the search space with the
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Fig. 5. Comparison between simulated thermal conductivity (log 𝜅𝑠𝑖𝑚) and pre-
dicted thermal conductivity (log 𝜅𝑝𝑟𝑒𝑑) for train, validation test subsets together 
with their coefficient of determination (𝑅2). The dashed black line corresponds 
to the ideal prediction of 𝑅2 = 1.

CMA-ES algorithm by generating the candidates and predicting the out-
puts of 105 non-duplicated material profiles at fixed 80-unit-cell length 
requires 10.5min, equivalent to 0.17 core-hours. These computational 
costs are negligible compared to direct NEGF simulations. In practical 
terms, evaluating 105 candidate structures using direct NEGF would re-
quire approximately 3 × 105 core-hours, whereas our workflow requires 
only the 2500 NEGF simulations used for training (∼7500 core-hours), 
achieving a speed-up of ∼40×. The computational cost of the ML work-
flow itself is negligible (0.60 core-hours), enabling efficient exploration 
of configurational spaces that would otherwise be computationally pro-
hibitive.

With the methodology fully established, the following section 
presents the validation of the trained models and the results of the in-
verse design optimization.

3.  Results and discussion

3.1.  Model validation

The predictive performance of the MLP architecture was evaluated 
on the independent test sets reserved during the stratified split proce-
dure. Two complementary aspects were assessed: the accuracy of the 
scalar thermal conductivity predictions and the fidelity of the recon-
structed phonon transmission spectra.

Fig. 5 compares the log 𝜅 predicted by the MLP model against the 
values computed via NEGF simulations for the training, validation, and 
test sets. The model achieves excellent agreement across the full range 
of log 𝜅 values, with a coefficient of determination 𝑅2 ∼ 0.99 for all three 
subsets and an empirical coverage of EC=0.9503 for the validation sub-
set, very close to the nominal 0.95 level. These high 𝑅2 and EC values 
demonstrate the model’s ability to accurately learn the complex relation-
ship between superlattice geometry and heat transport. The consistent 
performance across training, validation, and test sets confirms that no 
overfitting has occurred and that the model generalizes well to unseen 
configurations.

Beyond scalar quantities, the model was also trained to predict 
the full frequency-dependent phonon transmission spectra 𝑇 (𝜈). Fig. 6 
presents representative examples of arbitrarily selected devices for each 
subset, comparing the predicted spectra against simulated references. 
The model achieves a RMSE lower than 0.014 a.u. across the training, 
validation, and test sets, indicating that the predicted transmission val-
ues deviate from the true spectra by a maximum of 1.5% on average. 
This level of accuracy is remarkable given the complexity of the spec-
tral features, including multiple peaks and valleys arising from phononic 
band-structure effects. In addition to RMSE, we evaluate the consistency 

Fig. 6. Comparison between simulated and predicted transmission spectra 
(𝑇 (𝜈)) as a function of the frequency (𝜈) for train, validation and test subsets. 
The root mean square values RMSE of each subset are also shown.

of the spectral predictions using the spectral Pearson correlation, which 
quantifies the similarity in spectral shape between simulated and pre-
dicted transmission curves. The model achieves mean correlations of 
0.989 (train), 0.983 (validation), and 0.976 (test), confirming that the 
surrogate reliably reproduces the fine spectral structure of 𝑇 (𝜈) across 
the entire dataset.

The successful validation of both prediction tasks establishes the re-
liability of the machine learning models as surrogate solvers for subse-
quent optimization. The high 𝑅2 for log 𝜅 ensures that the model can cor-
rectly identify configurations with extreme thermal conductivity values, 
while the low RMSE for 𝑇 (𝜈) guarantees that frequency-targeted engi-
neering, such as creating stop-bands in a desired frequency window, can 
be performed with confidence. With this validation completed, we now 
proceed to the inverse design of optimal superlattice configurations.

3.2.  Inverse design optimization

With the validated model, we now proceed to explore the vast design 
space of Si/Ge superlattices to identify optimal configurations for spe-
cific thermal management objectives. The MLP combined with CMA-ES 
sampler enables rapid screening of a big amount of candidate structures, 
a task that would be prohibitively expensive using NEGF simulations 
alone. We first focus on identifying configurations that achieve extreme 
thermal conductivity values, establishing the performance bounds of the 
system. For this purpose, the CMA-ES sampler generates 105 possible 
candidates which are evaluated using the trained model, applying the 
following constraints: a fixed 𝐿𝑡𝑜𝑡 of 80 atomic layers, and a minimum 
uc of 2 atomic layers per material.

Fig. 7 compares the lowest-𝜅 structure present in the original NEGF 
dataset, denoted as the 𝜅-reference (top), with the optimal configuration 
identified by the inverse-design workflow (bottom). The optimal device 
achieves a 𝜅 value ∼10.20% lower than the 𝜅-reference, demonstrating 
the capability of the methodology to discover superior structures be-
yond the initial training data. Beyond this improvement, the optimized 
profile exhibits clear structural differences relative to the 𝜅-reference. 
It contains a higher number of Si/Ge interfaces (26 vs. 24), leading to 
stronger interface-driven phonon scattering. The layer-thickness distri-
bution is slightly more regular (𝜎𝑡=1.99 vs. 2.24). Global aperiodicity, 
quantified through the Shannon entropy of the thickness distribution, 
is significantly lower in the optimized structure (𝐻=1.11 vs. 1.71), in-
dicating a more repetitive and less disordered thickness pattern. The 
correlation length is shorter (1 vs. 2), revealing reduced medium-range 
structural order. Fourier analysis shows that the optimized profile also 
exhibits a higher dominant spatial frequency (0.190 vs. 0.076), cor-
responding to a more rapidly varying structural pattern. Finally, the 
average acoustic-impedance jump across interfaces is larger (2.57 vs. 
2.37 MRayl), further reinforcing phonon backscattering. Together, these
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Fig. 7. Transmission spectra and material profile for the device with minimum 
thermal conductivity in the initial simulated dataset, denoted as 𝜅-reference 
(top), and the optimal device proposed by the model (bottom).

descriptors explain why the optimized configuration achieves a lower-𝜅
value.

The thermal conductivity 𝜅 is directly determined by the area under 
the transmission spectra, weighted by the phonon energy and thermal 
population (based on Eq. 5) according to:

𝑘 ∝ ∫

∞

0
ℎ𝜈 ⋅ 𝑇 (𝜈)

𝜕𝑓𝐵𝐸 (𝜈, 𝑇 )
𝜕𝑇

𝑑𝜈. (14)

The weighting factor (ℎ𝜈) assigns greater importance to higher fre-
quency modes, which carry more energy per phonon.

Examining the transmission spectra in Fig. 7, the unweighted integral 
∫ ℎ𝜈𝑇 (𝜈)𝑑𝜈 (the model is not designed to learn the Bose-Einstein distri-
bution) for the optimal device is 11.01% lower than that of the best 
device in the simulated dataset. This reduction is consistent with the 
lower thermal conductivity obtained from the full expression in Eq. 14. 
However, the contribution to 𝜅 is not uniform across frequencies: al-
though the ℎ𝜈 factor increases the weight of high-energy phonons, the 
derivative of the Bose–Einstein distribution strongly suppresses their 
thermal occupation at 200 K. As a result, the thermal-conductance inte-
grand is maximized in the mid-frequency range (2–6 THz), where both 
the phonon energy and the thermal population derivative are signifi-
cant. When inspecting the spectra above 6 THz, the optimal device ex-
hibits slightly higher transmission in this region. Although these high-
frequency modes contribute less to thermal transport at room tempera-
ture due to their lower thermal occupation, they are relevant for the pre-
sented phononic-stop-band application. Therefore, while the optimized 
structure achieves lower thermal conductivity, it is comparatively less 
effective at suppressing transmission above 6 THz, which may reduce its 
performance as a high-frequency stop-band for the proposed use case.

Having demonstrated the capability of our methodology to identify 
configurations with minimum 𝜅, we now focus on the second design 
objective: engineering a superlattice that selectively suppresses phonon 
propagation in the frequency window corresponding to the EL2 recom-
bination center emission. As established in Section 1.2, non-radiative 

recombination at arsenic antisites in GaAs releases energy through the 
emission of multiple optical phonons in the 15 − 36.2 meV range, which 
corresponds to frequencies of ∼3.63-8.75 THz. A superlattice capable 
of creating a phononic stop-band in this spectral region would provide 
direct, at-source thermal management for GaAs-based devices.

Fig. 8 presents the optimal device configuration identified by the 
inverse-design methodology, along with its phonon transmission spec-
trum 𝑇 (𝜈) and material profile. The CMA-ES sampler targets the in-
tegrated transmission within the EL2 frequency window, minimizing 
the objective function f = ∫ 𝜈max

𝜈min
ℎ𝜈𝑇 (𝜈) 𝑑𝜈 as a proxy for suppressing 

phonon propagation in this band. The structure comprises an aperiodic 
sequence of Si and Ge layers optimized to maximize acoustic-impedance 
contrast at the interfaces. This architectural arrangement induces strong 
destructive interference and enhanced phonon scattering, which are the 
fundamental drivers of phononic band-gap formation.

To better understand the structural features responsible for phononic 
suppression in the EL2 emission band, we compared the optimized pro-
file with the best-performing configuration in the initial dataset using 
the structural and spectral descriptors introduced in Section 2.3. The dif-
ferences between both devices are substantial. The optimized structure 
contains more Si/Ge interfaces (30 vs. 24), enhancing interface-driven 
phonon reflection. Its thickness distribution is significantly more regu-
lar, with a lower standard deviation (𝜎𝑡 = 1.01 vs. 2.24). Global aperi-
odicity, quantified through the Shannon entropy of the thickness distri-
bution, is markedly reduced in the optimized structure (1.15 vs. 1.71), 
indicating a more repetitive and less disordered arrangement of layer 
thicknesses. The correlation length is shorter (1 vs. 2 layers), reveal-
ing reduced medium-range structural order. Fourier analysis shows that 
the optimized profile also exhibits a higher dominant spatial frequency 
(0.2405 vs. 0.0759), corresponding to a more rapidly varying structural 
pattern. Finally, the average acoustic-impedance jump across interfaces 
is larger (2.96 vs. 2.37 MRayl), further reinforcing phonon backscat-
tering. Together, these descriptors explain the strong suppression of 
phonon transmission in the 3.63–8.75 THz window and the 38.84% re-
duction in the unweighted spectral integral ∫ ℎ𝜈 𝑇 (𝜈) achieved by the 
inverse-designed profile.

To elucidate the origin of the selective phonon filtering, the par-
ticipation ratio (PR) together with the spatial distribution of the lo-
cal phonon density through atomic layers for representative frequency 
modes is analyzed in Fig. 9, comparing the phononic response of refer-
ence device (Ref) and the optimal proposed (Opt). For Fig. 9a) within 
the 3.63–8.75 THz window, the reference PR exhibits large mode-to-
mode fluctuations, with several sharp minima, whereas the optimized 
PR varies more smoothly and remains at more moderate values across 
the band.

Notably, the reference structure shows more pronounced PR dips at 
isolated frequencies, but the optimized structure displays a more sys-
tematic suppression of modes in the target window. This suggests that 
localization in the optimal structure is not simply stronger in a scalar 
sense; it must instead arise from an asymmetric or spatially confined 
redistribution of mode energy and that PR alone does not fully capture 
the filtering mechanism, since a mode may remain only moderately ex-
tended yet still be spatially biased toward one side of the device. This 
motivates the layer-resolved phonon density analysis shown in Fig. 9b–
e). At 4.96 THz (Fig. 9b)), the reference and optimized spatial profiles 
are broadly similar, indicating that this frequency lies outside the most 
strongly affected part of the spectrum. At 5.28 THz (Fig. 9c)), the opti-
mized structure develops a sharply confined phonon-density peak near 
layers 60–70, whereas the reference density remains comparatively de-
localized across the stack. This behavior is consistent with strong spatial 
confinement in the optimized structure and correlates with the suppres-
sion of transmission in this frequency range. The trend reverses at 6.24 
THz (Fig. 9d)) where the reference structure exhibits a strong, sharply 
localized density peak near layers 10–15, while the optimal structure is 
essentially flat across the device. This shows that both structures sup-
port disorder-induced trap states within the suppression band, but at 
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Fig. 8. Material profiles achieving minimal phononic-mode transmission within 
the target frequency window (3.63–8.75 THz). The top panel shows the best-
performing device in the initial simulated dataset, while the bottom panel dis-
plays the optimal structure identified by the inverse-design model. The selected 
frequency bounds correspond to the EL2 defect’s multi-phonon emission win-
dow, motivating the suppression of transmission in this spectral region.

different frequencies and spatial locations, consistent with distinct short-
range-order-driven scattering resonances in each configuration. At 7.84 
THz (Fig. 9e)), both profiles remain broad and low in amplitude, with 
the optimal structure showing a mild upward trend toward layers 70–80 
rather than a sharp, isolated peak. This indicates weak, incipient local-
ization rather than a resonant trap comparable to those seen at 5.28 or 
6.24 THz.

These results indicate that transmission suppression in the opti-
mized Si/Ge configuration within the 3.63–8.75 THz window does not 
arise from uniformly stronger disorder scattering, but from frequency-
selective spatial confinement of vibrational modes. To connect these 
to the spatial structure, we examined the underlying Si/Ge stacking 
sequences directly. The optimal sequence’s near-periodic short-range 
order differs structurally from the reference’s larger, more randomly
clustered domains, and this coherent ordering can fold the phonon dis-
persion and generate localized trap states at specific frequencies (e.g., 
5.28 THz) that carry negligible net flux. The reference structure, while 
also hosting its own localized states (e.g., at 6.24 THz), shows this lo-
calization distributed differently across frequency and space, resulting 
in a broader transmission window that is not suppressed as effectively. 
This suggests that arrangement of Si/Ge layers is a controllable design 
parameter for engineering frequency-selective phonon filters in Si/Ge 
heterostructures.

Building on this physical interpretation, these results also validate 
the core premise of the proposed inverse-design workflow, i.e., the abil-
ity to define an arbitrary target frequency window and automatically 
identify the structural geometry that maximizes phononic suppression 
within it. Compared with the best configuration in the initial dataset, the 
optimized device exhibits a clearly reinforced structural signature, char-
acterized by a higher interface density, reduced aperiodicity, a shorter 
correlation length, stronger impedance contrast, and a higher dominant 

Fig. 9. a) Participation Ratio, PR as a function of phonon frequency, 𝜈, for the 
reference (Ref) and optimal (Opt) stop-band profile in the defined frequency 
window. b)-e) Layer-resolved local phonon density for representative phonon 
modes in desired window: b) 𝜈 = 4.96 THz, comparison with similar PR for Ref 
and Opt; c) 𝜈 = 5.28 THz, representing the Opt PR minimum; d) 𝜈 = 6.24 THz, 
representing the Ref minimum; and e) 𝜈 = 7.84 THz, comparison at mode with 
high PR difference between Ref and Opt.

spatial frequency. This convergence toward a distinct architectural motif 
demonstrates that the model not only discovers a superior solution, but 
also reveals the underlying structural principles required to engineer a 
robust stop-band in the 3.63–8.75 THz EL2 emission window. Although 
the EL2 center in GaAs is used here as a proof of concept, the methodol-
ogy is entirely general and provides a versatile, scalable framework for 
any semiconductor platform in which specific vibrational modes drive 
localized heating, enabling integrated at-source thermal management 
across a wide range of electronic and optoelectronic devices.

4.  Conclusions

In this work, we have developed and validated a combined NEGF 
and machine learning methodology for the inverse design of Si/Ge
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superlattices with tailored phononic properties. The key findings and 
contributions of this study are summarized as follows.

First, we trained an MLP model with NEGF-generated data that ac-
curately predicts both the scalar thermal conductivity (𝜅) and the full 
phonon transmission spectra (𝑇 (𝜈)). The model achieves a coefficient of 
determination 𝑅2 ∼ 0.99 for 𝜅 and a root mean square error of 0.013 a.u. 
for 𝑇 (𝜈) across the training, validation, and test datasets, demonstrating 
its accuracy as a fast strategy for subsequent optimization tasks.

Second, we applied the methodology to identify superlattice con-
figurations with minimum thermal conductivity values. The optimized 
device achieves a 10.20% reduction in 𝜅 compared to the best configu-
ration in the original NEGF-simulated dataset. Analysis of 𝑇 (𝜈) reveals 
that this reduction is achieved through the strategic suppression of high-
frequency phonon modes, which contribute most significantly to heat 
transport due to their higher energy per phonon.

Third, as a proof of concept, we demonstrated frequency-targeted 
phonon engineering by designing a superlattice that selectively sup-
presses transmission in the 15-36.2 meV (3.63-8.75 THz) range, the 
characteristic phonon emission window of the EL2 recombination cen-
ter in GaAs. The optimized device exhibits near-complete suppression 
within this critical region, while maintaining moderate transmission 
at low-frequencies, illustrating the capability to target specific heat 
sources without compromising overall thermal dissipation. The GaAs 
EL2 phonon-emission window is considered as a theoretical example 
to show the tunability of the proposed Si/Ge superlattice toward se-
lected phonon-energy ranges. Realistic integration in GaAs-based de-
vices will require explicit modelling and experimental validation of in-
terfacial phonon transmission and related non-idealities.

Finally, the methodology presented here is entirely general. While 
this study focuses on Si/Ge superlattices and the EL2 defect as a use 
case, the workflow can be directly applied to any semiconductor sys-
tem where specific phonon frequency windows are identified as being 
responsible for localized heating. This provides a versatile and scalable 
approach for integrated, at-source thermal management across a wide 
range of electronic technologies.
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