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Abstract
Thermoelectric materials enabling direct interconversion between thermal and electrical energy hold transformative
potential for sustainable energy technologies, particularly in solid-state power generation and precision refrigeration
systems. The pursuit of high-performance thermoelectric materials with exceptional energy conversion efficiency
has remained a persistent challenge in materials science, primarily constrained by the resource-intensive nature of
traditional experimental approaches and computationally demanding first-principles simulations. The emergence of
machine learning (ML) techniques has revolutionized this field by enabling rapid screening of material candidates
and establishing quantitative structure-property relationships. This comprehensive review systematically examines
cutting-edge methodologies in ML-driven thermoelectric materials research, with particular emphasis on three piv-
otal aspects: (1) predictive modeling of key performance parameters including electrical conductivity, Seebeck coef-
ficient, and lattice thermal conductivity through advanced feature engineering and algorithm selection; (2) inverse
design strategies for optimizing carrier concentration and phonon scattering mechanisms; (3) application-specific
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material optimization frameworks integrating multi-objective constraints. Furthermore, we critically analyze prevail-
ing challenges in data quality, model interpretability, and cross-scale prediction accuracy, while proposing future
research directions encompassing active learning paradigms, generative adversarial networks for virtual material syn-
thesis, and hybrid physics-informed ML architectures.

Keywords: Thermoelectric, machine learning, electrical conductivity, thermal transport properties

INTRODUCTION
Thermoelectric materials are a novel type of energy material capable of converting thermal energy into elec-
trical energy and vice versa through the Seebeck effect and Peltier effect [1–8]. They are widely applied across
various fields such as waste heat recovery, solid-state cooling, portable power sources, remote sensor power
supply, thermal management, space exploration, automotive industry, medical equipment, environmental
monitoring, and small-scale power generation, demonstrating their high efficiency and versatility in energy
conversion and temperature control [9–15]. Thermoelectric devices demonstrate their unique value and po-
tential across various applications with advantages such as noiselessness, vibration-free operation, compact
design, high reliability, environmental friendliness, high efficiency, multifunctionality, ease of control, and
low maintenance costs [16–24]. Typically, the performance of a thermoelectric material is measured by its figure
of merit, known as 𝑧𝑇 , which is formulated as follows:

zT =
𝑆2𝜎𝑇

𝜅𝐿 + 𝜅𝑒
(1)

where S is the Seebeck coefficient [25–29]; T is the absolute temperature in Kelvin; 𝜎 is the electrical conductiv-
ity [30–33]; and 𝜅𝐿 and 𝜅𝑒 signify the lattice thermal conductivity and electronic thermal conductivity, respec-
tively [34–43].

In past explorations, experiments have been the primary means by which researchers have investigated the
performance of thermoelectric materials. Current experimental approaches to improve the performance of
thermoelectric materials include optimizing carrier concentration, modulating band structure, facilitating
multi-scale phonon scattering, employing defect engineering, optimizing lattice dynamics, conducting inter-
face engineering, regulating electronic structure, designing thermoelectric modules, implementing dynamic
atomic control, and exploring new materials, among other strategies [44–54], Experimental methods and out-
comes of these approaches are shown in Supplementary Figure 1. Experimental approaches can often be costly,
time-consuming, and prone to issues such as reproducibility challenges, limited data availability, and human
error. To address these challenges, theoretical calculations based on physical principles have been increasingly
employed over the past few decades to simulate experimental conditions and derive methods for assessing ma-
terials’ thermal performance. These approaches include first-principles calculations, the Boltzmann transport
equation, the Wiedemann-Franz law, molecular dynamics simulations, and the Monte Carlo method. Such
techniques enable a comprehensive prediction and optimization of the electronic structure, transport proper-
ties, and thermoelectric conversion efficiency of materials [55–59]. In recent years, the rapid advancement of
machine learning (ML) technology has significantly impacted materials science, emerging as a critical driver
for the discovery and optimization of new materials [60–62], ML pipeline for discovering novel thermoelectric
material as shown in Figure 1. The role of ML in material exploration is increasingly prominent, introducing
transformative changes to the field. In particular, ML applications have produced substantial results. For ex-
ample, ML is utilized to predict the mechanical properties of alloys, guiding lightweight design in the aviation
and automotive industries [63,64]. In the energy sector, ML technology optimizes the electronic structure of
solar cell materials, improving energy conversion efficiency [64,65]. In addition, intelligent algorithms predict
and control the stability of perovskite materials, which advances the development of efficient optoelectronic de-
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Figure 1. ML pipeline for discovering novel thermoelectric material. ML: Machine learning.

vices [66–69]. Similarly, ML plays a crucial role in predicting the performance of thermoelectric materials. Using
experimental and computational data, ML models can forecast promising thermoelectric materials, guiding
experimental and theoretical research. This approach significantly improves research efficiency, accelerating
the discovery and optimization of advanced thermoelectric materials. The number of articles published from
2014 to 2024 with “Thermoelectric” as a keyword and those with “Thermoelectric-Machine Learning” as key-
words is shown in Figure 2; it can be seen that the number of articles exploring thermoelectric materials using
MLmethods has increased year by year over this period. This indicates that the importance ofML in exploring
the properties of thermoelectric materials is growing increasingly.

ML APPLICATION IN PREDICTING ELECTRICAL PROPERTIES
ML models have demonstrated accurate forecasting capabilities for critical thermoelectric parameters includ-
ing electrical conductivity, Seebeck coefficient, and carrier concentration. Through analysis of comprehensive
materials datasets, these computational approaches decode intricate structure-property relationships, facilitat-
ing targeted selection of compounds with optimized charge transport characteristics. These advancements not
only streamline discovery pipelines but also enable rational design of next-generation thermoelectric devices.
This review systematically summarizes recent methodological advancements in ML-driven property predic-
tion and optimization, as tabulated in Table 1, highlighting their transformative potential in thermoelectric
device engineering.

Carrier concentration
The carrier concentration constitutes a critical parameter for thermoelectric material optimization, exerting
significant influences on both electrical conductivity and the Seebeck coefficient. ML-assisted prediction of
this parameter expedites the discovery and optimization of high-performance thermoelectric materials.

Experimental carrier concentration data for 127 compounds were systematically compiled from established
literature sources [70]. Multidimensional feature engineering incorporated chemical composition descriptors,
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Figure 2. The number of articles published from 2014 to 2024 with “Thermoelectric” as a keyword and the number of articles with
“Thermoelectric-Machine Learning” as keywords.

Table 1. Representative ML studies for electrical property prediction

Authors Year Samples Features Targets Algorithms

Miller et al. [70] 2018 127 compounds
Structural parameters,
DFT results,
periodic properties

Carrier concentration (𝑛)
Linear regression,
RF,
NN

Wan et al. [79] 2021 242 compounds
(121 p/n-type)

Physical descriptors Band gap (𝐸𝑔)
LS-SVM,
BP-ANN

Antunes et al. [82] 2023 47,737 compounds Composition,
DFT features

Seebeck coefficient (𝑆),
electrical conductivity (𝜎),
PF

Attention model

Furmanchuk et al. [84] 2018 927 materials Compositional features Seebeck coefficient RF

Yuan et al. [85] 2022 151 Heuslers
(122 half/29 full)

𝑍 , 𝜒,
𝑁atoms

Seebeck coefficient DNN, SISSO

Gaultois et al. [87] 2016 25k data points Crystallographic data Seebeck coefficient RF

Sheng et al. [88] 2020 482 compounds Elemental descriptors PF
GBR, SVR, RF, KRR,
AdaBoost

Graziosi et al. [89] 2022 3,000 band structures
𝐸𝑔 , Δ𝑚∗ ,
e-ph asymmetry

PF GBR, ETR, MLP

ML: Machine learning; DFT: density functional theory; RF: random forest; NN: neural network; LS-SVM: least squares support
vector machine; BP-ANN: back propagation artificial neural network; PF: power factor; DNN: deep neural network; SISSO:
sure independence screening and sparsifying operator; GBR: gradient boosting regressor; SVR: support vector regression; KRR:
kernel ridge regression; ETR: extra trees regressor; MLP: multilayer perceptron.

crystallographic parameters, and quantum mechanical calculations derived from authoritative databases in-
cluding the Open Quantum Materials Database (OQMD) and Materials Project (MP) [71–75]. Through rig-
orous comparative analysis of linear regression, random forest, and NN architectures, the linear regression
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Figure 3. (A) Flow chart of ML to accelerate the design of thermoelectric materials [79]; (B) Depiction of the multi-head self-attention
operation [82]; (C) True and predicted training data for Cp [83]; (D) Plots show performance of the different models [84]. ML: Machine
learning.

model demonstrated optimal balance between predictive accuracy [mean absolute error (MAE) = 1.19 via
leave-one-out cross-validation] and interpretability [76–78]. Notably, feature importance analysis revealed sub-
stitution defects as predominant determinants modulating carrier concentration evolution toward intrinsic
semiconductor behavior.

Band gap
The band gap emerges as another critical determinant in thermoelectric material optimization, fundamentally
governing both charge carrier transport mechanisms and thermal management processes. ML-driven band
gap prediction establishes an accelerated paradigm for developing high-efficiency thermoelectric systems.

In a seminal methodology development, a computational framework was established for band gap prediction
through systematic feature engineering [79]. The workflow initiated with first-principles electronic structure
data, employing valence electron count, Pauling electronegativity, and relative atomic mass as foundational
parameters to generate 242 material descriptors. Multivariate stepwise regression analysis identified five dom-
inant features strongly correlated with band gap characteristics. Subsequent evaluation of 19 ML architectures
revealed the least squares support vector machine (LS-SVM) as the optimal predictor, achieving robust per-
formance metrics. This methodology not only enables rapid band gap estimation but also provides theoretical
guidance for rational material design. The corresponding ML workflow is schematically illustrated in Fig-
ure 3A.

Electrical conductivity
Electrical conductivity optimization presents a critical challenge in thermoelectric engineering, requiring pre-
cise balance between enhanced PF and suppressed thermal conductivity [80]. Recent advances in deep learn-
ing demonstrate remarkable capability in resolving this trade-off through computational prediction of charge
transport properties.

A breakthrough study employing attention-based neural networks achieved state-of-the-art conductivity pre-
diction accuracy 𝑅2 = 0.968 using the Ricci database [81,82]. This comprehensive repository contains 18.6
million electronic transport data points spanning 47,737 inorganic compounds, encompassing temperature-
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dependent (13 gradients) measurements of Seebeck coefficients, electrical conductivities, and electronic ther-
mal conductivities across varied doping conditions (2 types × 5 levels). The multi-head self-attention mech-
anism enabling this prediction is visualized in Figure 3B, demonstrating effective extraction of composition-
property relationships.

Tiryaki et al. developed an iterative artificial neural network (ANN) framework for predicting thermoelectric
material properties, comparing 26 ML models before selecting ANN as the optimal architecture due to its ex-
ceptional predictive accuracy (𝑅2 = 0.9943) [83]. The researchers implemented a cyclic optimization protocol
involving 100 prediction-refinement iterations, where each cycle 𝑖 generated enhanced training datasets 𝐷𝑖+1
by integrating previous predictions 𝑃𝑖 under adaptive learning rate control (𝜂 ∈ [0.001, 0.1]). This methodol-
ogy achieved an 80.5% reduction in prediction error (from 41% to 8%), with Figure 3C demonstrating strong
concordance between experimental and predicted 𝐶𝑝 values. The results confirm ML’s capability for reliable
electrical resistivity prediction in novel thermoelectric materials without requiring specialized characterization
instrumentation.

Seebeck coefficient
The Seebeck coefficient (𝑆), a critical parameter governing thermoelectric energy conversion efficiency, de-
termines the voltage generation capacity under thermal gradients. ML approaches have emerged as powerful
tools for predicting this essential property, enabling accelerated discovery of high-performance thermoelectric
materials.

Furmanchuk et al. developed ensemble learning models for half-Heusler (HH) compounds, achieving 𝑅2 val-
ues of 0.87-0.95 with MAEs between 20.8-37.04 uV/K through analysis of 813 n-type and p-type samples [84].
Gradient boosting algorithms demonstrated superior performance for p-type materials (𝑅2 = 0.95), while
light gradient boosting machine (lightGBM) and CatBoost excelled in n-type predictions (𝑅2 = 0.94), vali-
dated against density functional theory (DFT) calculations as shown in Figure 3D. Complementing this work,
Yuan et al. engineered neural networks using atomic parameters (𝑍atomic, 𝜒Pauli, 𝑁composition) to predict See-
beck coefficients across 151 Heusler compounds [85]. The optimized architecture, featuring three 128-neuron
hidden layers with ReLU activation and dropout regularization, handled 1,765 data points spanning carrier
concentrations of 1018–1021 cm−3, achieving accuracy comparable to physically interpretable sure indepen-
dence screening and sparsifying operator (SISSO) descriptors (Δ𝑅2 < 0.03). Gaultois et al. extended these
computational approaches through a web-based recommender system analyzing 25,000 materials [86,87]. Their
platform identified 𝑅𝐸12𝐶𝑜5Bi compounds (RE = Gd, Er) with optimized thermal (𝜅 < 1.5 W/mK) and elec-
tronic transport properties despite moderate 𝑆 values ( 80 uV/K), demonstrating 73% faster discovery rates
than conventional methods. These studies collectively establish ML as an indispensable tool for thermoelec-
tric material optimization, particularly in deciphering complex structure-Seebeck coefficient relationships.

PF
The PF (𝑃𝐹 = 𝑆2𝜎), quantifying electrical energy conversion capability in thermoelectric materials, serves as
a critical determinant of device performance through its direct relationship with the thermoelectric figure of
merit (𝑧𝑇). Maximizing 𝑃𝐹 enables simultaneous optimization of Seebeck coefficient (𝑆) and electrical con-
ductivity (𝜎), crucial for minimizing energy dissipation in thermal-to-electrical energy conversion processes.

An active learning framework integrating ML with automated DFT calculations was developed for 𝑃𝐹 predic-
tion in diamond-structure p-type materials [88]. The methodology employed a 482-material search space (158
DFT-evaluated, 324 unexplored), implementing cyclic model refinement through quantummechanical valida-
tion. Gradient boosting regression with Query by Committee strategy achieved exceptional extrapolation ac-
curacy (Pearson’s 𝑅 = 0.95), identifying high-𝑃𝐹 candidates among binary pnictides and vacancy-containing
chalcogenides. Bonding analysis revealed enhanced 𝑃𝐹 mechanisms through controlled defect engineering
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and atomic size effects.

Complementary research on HH compounds demonstrated bipolar transport enhancement mechanisms [89].
Theoretical analysis of 3,000+ band structures established critical descriptors for ML guidance:

• Effective mass asymmetry (Δ𝑚∗
c-v)

• Electron-phonon scattering asymmetry
• Narrow band gap (𝐸𝑔 < 0.5 eV)

These parameters enable unconventional 𝑃𝐹 doubling through valence-conduction band transport synergy,
achieving 𝑧𝑇 values exceeding conventional unipolar limits. The descriptor-driven approach optimized mate-
rial selection from 120+ candidate features, demonstrating ML’s capacity to decode complex transport physics.

The integration of ML into thermoelectric materials research has revolutionized the optimization of critical
transport parameters, enabling unprecedented precision in predicting carrier concentration, band gap, elec-
trical conductivity, Seebeck coefficient, and PF. By leveraging multidimensional feature engineering and ad-
vanced algorithms - from interpretable linear regression to attention-based neural networks - researchers have
decoded complex structure-property relationships across diverse material systems. Key achievements include
the prediction of carrier concentration with MAE = 1.19 via defect-sensitive models, band gap optimization
through LS-SVM-driven descriptor selection, and electrical conductivity mapping at 0.968 𝑅2 accuracy using
18.6 million data points. Ensemble learning and deep neural networks (DNNs) further demonstrated robust
capabilities in Seebeck coefficient prediction (𝑅2 = 0.94-0.95) and PF enhancement through bipolar transport
mechanisms. These methodologies, validated against high-throughput DFT calculations and experimental
datasets, have accelerated discovery cycles by 40%-73%, while identifying novel candidates such as vacancy-
engineered chalcogenides and asymmetric HHs. Future advancements will require tighter integration of gener-
ative inverse design, multi-scale modeling, and autonomous experimentation to overcome residual challenges
in predicting ultrahigh 𝑧𝑇 systems and bridging the accuracy gap between computational predictions and real-
world performance. The convergence of physics-informed ML and robotic synthesis platforms promises to
unlock the next generation of thermoelectric materials with tailored transport properties.

Discussion
In the optimization of thermoelectric material electrical properties, distinct ML models exhibit characteristic
trade-offs between interpretability and predictive accuracy. Linear regression models achieve a balanced com-
promise, offering direct interpretability through feature weights that quantify physical contributions - such as
the dominant role of substitutional defects in modulating carrier concentration - while maintaining a leave-
one-out cross-validationMAE of 1.19 for carrier concentration prediction. This linearmapping allows straight-
forward attribution of property variations to specific chemical or structural descriptors, making it suitable for
mechanistic insights. Tree-based ensemble models (e.g., random forest, LightGBM) enhance predictive ac-
curacy for properties such as the Seebeck coefficient by capturing nonlinear feature interactions, yet their
interpretability is limited to ranked feature importance scores. Post-hoc tools such as SHapley Additive exPla-
nations (SHAP) values are often required to disentangle complex dependencies, as the hierarchical decision
structures of trees do not directly map to intuitive physical mechanisms. NNs, particularly attention-based
architectures and iterative ANNs, achieve state-of-the-art accuracy by learning hierarchical representations
from multidimensional data. However, their black-box nature obscures direct physical interpretation, neces-
sitating indirect visualization of attention weights or cyclic validation protocols to infer composition-property
relationships. LS-SVMs strike a middle ground in bandgap prediction, leveraging stepwise regression to select
five dominant descriptors from 242 candidates, thus balancing feature complexity with model transparency
(𝑅2 > 0.9).

Regarding robust input features and feature engineering strategies, the robustness of ML models in thermo-
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electric research hinges on physically meaningful feature engineering. Fundamental atomic-scale descriptors
- including valence electron count, Pauling electronegativity, and relative atomic mass - form the basis of pre-
dictive frameworks. For example, these parameters were used to generate 242 material descriptors in bandgap
prediction, from which five key features (e.g., electronegativity gradient, average atomic mass) were identified
via stepwise regression. Defect-related and electronic structure features further enhancemodel specificity; sub-
stitutional defects emerged as the primary determinant of carrier concentration in intrinsic semiconductors,
while effective mass asymmetry and narrow bandgap were identified as critical for bipolar transport enhance-
ment in PF optimization. Multidimensional feature fusion, integrating quantummechanical calculations from
databases such as OQMD andMPwith experimental transport data, creates a rich input space for model train-
ing. Adaptive feature selection strategies - such as attention mechanisms to highlight composition-property
correlations, active learning with Query-by-Committee for high-power-factor candidate discovery, and hierar-
chical feature construction from atomic parameters to physics-informed descriptors - further refine predictive
power. These approaches collectively demonstrate that robust feature engineering, rooted in both theoretical
priors and data-driven selection, is essential for decoding complex structure-property relationships in thermo-
electric materials.

ML APPLICATION IN PREDICTING THERMAL PROPERTIES
Thermoelectric material performance is intrinsically linked to thermal transport characteristics, with ultralow
thermal conductivity (𝜅) constituting a critical prerequisite for achieving high energy conversion efficiency.
Historically rooted in DFT computations, thermal transport assessments - particularly thermal conductivity
evaluation - have served as the principal methodology for characterizing material properties. However, these
methodologies were constrained by prohibitive computational costs and persistent inaccuracies in predicting
𝜅 for structurally complex materials, despite DFT’s rigorous quantum mechanical foundations. The advent
of ML integration has catalyzed a paradigm shift, with data-driven models now enabling precise 𝜅 prediction
at computational speeds exceeding conventional DFT approaches by 2–3 orders of magnitude. This transfor-
mative capability accelerates thermal transport optimization cycles while revealing novel structure-property
relationships previously obscured by traditional computation limitations.

Thermal conductivity
Recent advancements in ML have significantly enhanced the prediction accuracy and efficiency of thermal
conductivity in thermoelectric materials. Qin et al. conducted a comprehensive study comparing 15 ML al-
gorithms, focusing on fundamental material properties such as atomic number and elastic modulus [90]. The
long short-term memory (LSTM) model demonstrated superior performance, achieving a determination co-
efficient of 0.96 and a root mean square error of 0.15 W/(m·K). This model successfully predicted thermal
conductivity values spanning four orders of magnitude, from 0.1 to 1,000 W/(m·K), while correlation analy-
sis identified strong relationships between thermal conductivity and specific material properties, such as the
inverse correlation with Grüneisen parameters.

Ren et al. developed a gradient boosting regressor (GBR) model to analyze Zintl phase compounds, combin-
ing ML with first-principles calculations [91]. By refining 21 initial features to 8 critical descriptors - including
lattice constants and atomic radii - the model achieved a determination coefficient of 0.988 and identified
novel compounds such as Ba2ZnBi2 with ultralow thermal conductivity of 1.03 W/(m·K). Computational val-
idation revealed that this exceptional performance stems from significantly reduced phonon group velocities
and enhanced scattering effects compared to conventional materials.

In the study of bismuth telluride-based systems,Wudil et al. implemented anAdaBoost-enhanced decision tree
regression model [92]. Trained on 411 experimental data points encompassing lattice parameters and electrical
properties, the model achieved 99.4% correlation with experimental measurements. The optimized synthesis
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conditions identified through this approach - including specific selenium doping levels (0.25 at.%) and sub-
strate temperature ranges (473–523 K) - demonstrated less than 5% deviation from empirical results across
123 independent validations.

Tewari et al. introduced a dual-phase screening strategy for transition metal oxides, combining classifica-
tion and regression models [93]. This approach utilized key material descriptors such as atomic density and
oxygen-to-metal ratios to eliminate 78% of unsuitable candidates during preliminary screening while main-
taining prediction accuracy above 90%. The methodology reduced computational costs by 83% compared to
traditional high-throughput simulations, demonstrating particular efficacy in identifying materials with low
thermal conductivity through early-stage feature analysis.

ML-assisted phonon engineering plays a pivotal role in enabling ML to predict the thermal properties of ther-
moelectric materials. In this context, Al-Fahdi et al. introduced two innovative chemical bonding descriptors:
normalized - Integrated Crystal Orbital Hamiltonian Population (ICOHP) and normalized Integrated Crys-
tal Orbital Bond Index (ICOBI) [94]. These descriptors serve to quantify the bonding strength and directional
characteristics between atoms in crystalline structures. The normalized - ICOHP is derived through the in-
tegration and normalization of the Crystal Orbital Hamiltonian Population (COHP), where negative values
denote bonding contributions and positive values signify antibonding contributions; the larger the absolute
value, the stronger the chemical bond. The normalized ICOBI further incorporates bond order and bond
length information, enabling precise characterization of chemical bond anisotropy.

To advance this framework, the authors developed a crystal attention graph neural network (CATGNN)model,
which leverages a multi-head attention mechanism and graph convolutional layers to automatically learn the
atomic arrangement patterns and bonding features within crystal structures. By predicting the chemical bond-
ing descriptors for approximately 200,000 materials, CATGNN successfully identified materials with extreme
lattice thermal conductivity (LTC). First-principles validation revealed that 106 materials with low descriptor
values exhibited an LTC below 5 W/(m·K), while 13 materials with high descriptor values showed an LTC
exceeding 100W/(m·K).These findings highlight the potential of such materials in phonon-mediated applica-
tions, including thermal management and energy conversion systems.

Collectively, these studies establish ML as a transformative tool for thermal transport optimization, enabling
rapid identification of high-performance thermoelectricmaterials while revealing fundamental structure-property
relationships. The integration of predictive models with experimental validation frameworks has accelerated
discovery cycles by 40%–70%, marking a paradigm shift in materials design methodologies.

Predicting phonon scattering for better thermal conductivity prediction
Recent advancements in ML have revolutionized the prediction of thermal conductivity through enhanced
phonon scattering analysis. The integration of computational physics with data-driven approaches has en-
abled accurate modeling of lattice thermal transport properties, overcoming traditional limitations in handling
complex phonon interactions.

Amulti-method framework combining DFT, finite element analysis (FEM), and supervisedMLwas developed
by Dong et al. for anisotropic phononic crystals [95]. The study revealed significant challenges in predicting
relative thermal conductivity (𝐺pnc/𝐺mem) compared to absolute values (𝐺pnc), attributed to complex spatial
distribution patterns. Hexagonal crystal systems exhibited minimal thermal anisotropy in the (001) plane,
while FAPbI3 demonstrated maximum anisotropy with distinct directional dependencies in the [110] and
[100] orientations. ML models successfully decoded nonlinear relationships between mechanical features and
thermal behavior, achieving accurate low-temperature predictions through comprehensive feature correlation
analysis. Importance and correlation of features are shown in Figure 4A.
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Figure 4. (A) Importance and correlation of features [95]; (B) The performance of 3ph scattering surrogate models for Si, MgO and
LiCoO2

[96].

Building on this foundation, Guo et al. introduced an advanced ML methodology for phonon scattering
rate prediction, addressing computational challenges associated with skewed scattering rate distributions [Fig-
ure 4B] [96]. Transfer learning techniques enhanced model performance across different phonon scattering
orders, achieving prediction speeds two orders of magnitude faster than conventional first-principles calcula-
tions. Validation across three material systems demonstrated exceptional agreement with experimental values:
For silicon, predicted three-phonon [137.9 ± 3.6 W/(m·K)] and four-phonon [120.5 ± 0.2 W/(m·K)] conduc-
tivities closely matched experimental measurements [139.7 W/(m·K)]. Similar accuracy was observed in mag-
nesium oxide [predicted: 46.79 ± 0.30 W/(m·K) vs. experimental: 47.4 W/(m·K)] and lithium cobalt oxide
[predicted: 16.82 ± 0.42 W/(m·K) vs. experimental: 17.01 W/(m·K)].

In thermoelectric materials, phonon scattering is intimately correlated with the carrier relaxation time. Zhou
et al. developed a physically interpretable descriptor model using the SISSO algorithm, integrated with first-
principles calculations based on deformation potential theory [97]. By training on 152 tetradymite compounds
with integer stoichiometry (85 normal insulators, NIs; 67 topological insulators, TIs), they successfully ex-
tracted key descriptors for relaxation time. For NIs, the descriptor primarily relies on combinations of atomic
mass and Pauling electronegativity, while TIs exhibit nonlinear dependencies on p-orbital radii and electroneg-
ativity. The model predictions showed strong consistency with first-principles-derived relaxation times and
were validated through experimental trends. Furthermore, extending the model to 16 million tetradymites
with fractional stoichiometry, the study identified tens of thousands of candidates with ultralow (< 0.5 fs) or
exceptionally high (> 120 fs) relaxation times. Notably, this framework is generalizable to complex systems
such as HH compounds, demonstrating its broad applicability in high-throughput material design.

Furthermore, Al-Fahdi et al. employed the CATGNN to predict the phonon density of states (DOS) for 4,994
inorganic structures, and proposed a high-throughput screening strategy for candidate substrates in wide-band
gap electronic cooling by integrating the physical mechanisms of interfacial thermal conductance [98]. The
study demonstrated that achieving high ITC necessitates not only energetic overlap of phonon DOS but also
matching of phonon group velocities at the interface. Through Pearson correlation analysis, simple material
descriptors negatively correlated with ITC were identified, including the proportion of low-frequency optical
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phonon modes and the gradient of phonon DOS, which serve as critical indicators for thermal management
material design.

Specifically, the CATGNN model captures the spatial distribution and frequency characteristics of phonon
vibration modes via an attention mechanism, with prediction results exhibiting excellent agreement with ex-
perimentally measured phonon spectra (e.g., inelastic neutron scattering data). The research further revealed
nonlinear effects in phonon-phonon interactions, such as the “nesting effect” between low-frequency optical
phonons and acoustic phonons, which significantly enhances three-phonon scattering and reduces thermal
conductivity. By tailoring the phonon DOS overlap and group velocity matching at material interfaces, opti-
mized ITC design can be achieved, providing theoretical guidance for thermal dissipation in high-performance
electronic devices.

The computational paradigm was further advanced by You et al. through the development of ML interatomic
potentials (MLIP) with message-passing neural networks [99]. This approach achieved unprecedented compu-
tational efficiency, accelerating simulations by five orders of magnitude compared to traditional DFT methods
while maintaining high accuracy [energy root mean square error (RMSE): 0.4 meV/atom, force RMSE: 19.5
meV/Å]. The framework revealed significant four-phonon scattering effects, reducing LTC by 22.5% at 300 K
and 26.7% at 900 K in Mg2GeSe4. Temperature-dependent analysis showed decreasing particle-like contribu-
tions (48% at 300 K→ 36% at 900 K) alongside increasing wave-like contributions, ultimately yielding promising
thermoelectric performance with 𝑧𝑇 values reaching 0.49 for n-type and 0.45 for p-type configurations.

To address the current lack of standardized databases and publicly available models for MLIPs, Yang et al.
introduced HH130 on MatHub-3d - the first open-source database targeting 130 HH compounds with well-
defined band gaps and dynamic stability. Constructed via a dual adaptive sampling (DAS)method, the database
integrates 31,891 high-fidelity configurations and 390MLIPmodels based onmoment tensor potentials (MTP),
achieving unprecedented accuracy in predicting energies (MAE < 1.91 meV/atom) and forces (MAE < 16.42
meV/Å) compared to DFT calculations [100].

HH130 enables high-throughput screening of LTC, revealing that 8-valence electron count (VEC) HH com-
pounds exhibit significantly lower thermal conductivity than 18-VEC counterparts, attributed to weak second-
order interatomic force constants (IFCs) and enhanced phonon scattering phase spaces. Notably, MLIP mod-
els with root-mean-square errors < 0.1 THz in phonon dispersion calculations capture four-phonon scattering
effects, highlighting the critical role of high-order scattering in thermal transport.

By bridging ML and atomistic simulations, HH130 provides a robust platform for decoding complex phonon
dynamics, accelerating the discovery of next-generation thermoelectrics with optimized 𝑧𝑇 values through
data-driven design.

These investigations collectively demonstrate the transformative potential of ML in deciphering phonon scat-
tering dynamics and optimizing LTC. Through precise modeling of phonon interaction characteristics, ML
algorithms significantly improve the fidelity of thermal transport predictions while elucidating the critical role
of scatteringmechanisms in governing heat conduction properties. The evolving sophistication ofMLmethod-
ologies promises expanded applications in thermal transport analysis, particularly in:

• Multi-phonon process characterization
• Temperature-dependent scattering regime identification
• Anisotropic thermal behavior prediction

This technological progression is driving novel discoveries in functional material design, as comprehensively
documented in recent advancements (see Table 2 for comparative analysis of ML-enabled 𝑧𝑇 prediction and
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Table 2. Recent advances in ML for thermoelectric property prediction

Authors Years Samples Features Targets Algorithms

Qin et al. [90] 2023 350 compounds
Structural parameters,
DFT results,
periodic properties

Thermal conductivity (𝜅) SVR, DTR,
LSTM network

Ren et al. [91] 2024 30 Zintl-phase
compounds

Compositional descriptors,
crystallographic parameters

lattice thermal conductivity (𝜅L) GBR

Wudil et al. [92] 2023
411
Bi2Te3-based
materials

Charge transport properties,
structural descriptors,
temperature

Thermal conductivity (𝜅) DTR, SVR,
AdaBoost

Tewari et al. [93] 2020 315 oxide
materials

Compositional attributes,
crystal structure

Lattice thermal conductivity (𝜅L) XGBoost

Al-Fahdi et al. [94] 2025 4,994 inorganic
crystals

Gaussian expansion,
spherical harmonics

Lattice thermal conductivity (𝜅L) CATGNN

Dong et al. [95] 2024 18 semiconductor
systems

Elastic moduli,
temperature

Thermal conductivity (𝜅) ETR, MLP

Guo et al. [96] 2023 2,000 phonon
datasets

Phonon frequencies,
wavevectors,
eigenvectors,
group velocities

Scattering rates (Γ),
thermal conductivity (𝜅)

DNN

Zhou et al. [97] 2020 152 tetradymite
compounds

Gaussian expansion,
spherical harmonics

Relaxation time SISSO

Al-Fahdi et al. [98] 2024 4,994 inorganic
crystals

First-principles calculation data ITC CATGNN

You et al. [99] 2024 1,200 atomic
configurations

Thermal transport
parameters,
electronic transport
coefficients

Thermal conductivity (𝜅) MLIP

Li et al. [101] 2022 5,038 materials
Physicochemical
descriptors

𝑧𝑇 LightGBM

Xu et al. [102] 2024 7,000 compounds
Compositional
fingerprints

𝑧𝑇
Autoencoder +
LightGBM

Wang et al. [103] 2025 5,226 datasets
Physical descriptors,
coordination numbers

𝑧𝑇
Stacked
ensemble

Madavali et al. [104] 2024 209 experimental
datasets

Chemical composition,
temperature,
transport parameters

𝑧𝑇 ANN

ML: Machine learning; DFT: density functional theory; SVR: support vector regression; DTR: decision tree regressor; LSTM: long
short-term memory; GBR: gradient boosting regressor; CATGNN: crystal attention graph neural network; ETR: extra trees
regressor; MLP: multilayer perceptron; DNN: deep neural network; SISSO: sure independence screening and sparsifying operator;
ITC: interfacial thermal conductivity; MLIP: ML interatomic potential; LightGBM: light gradient boosting machine; ANN: artificial
neural network.

thermal conductivity optimization approaches).

Discussion
In the prediction of thermal conductivity in thermoelectric materials, ML models exhibit distinct trade-offs
between interpretability and predictive accuracy. LSTM networks demonstrate high accuracy in thermal con-
ductivity prediction [determination coefficient 𝑅2 = 0.96, RMSE = 0.15 W/(m·K)] by capturing complex tem-
poral correlations in multi-order phonon scattering dynamics, but their recurrent hidden-state mechanisms
lack direct interpretability, requiring reliance on correlation analysis (e.g., inverse correlation with Grüneisen
parameters) for indirect physical insights. GBRs achieve higher accuracy (𝑅2 = 0.988) in Zintl phase analy-
sis by refining 21 initial features into eight critical descriptors (e.g., lattice constants, atomic radii), yet their
additive tree structures only provide ranked feature importance rather than explicit mechanistic explanations
of phonon scattering pathways. AdaBoost-enhanced decision tree models achieve 0.994 correlation with ex-
perimental data in bismuth telluride systems, offering interpretability through rule-based splits (e.g., selenium
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doping levels, substrate temperature ranges), but face overfitting risks and reduced generalization in com-
plex material systems. Physically informed models such as the SISSO algorithm, integrated with deformation
potential theory, extract interpretable descriptors from atomic mass, electronegativity, and orbital radii, ensur-
ing prediction consistency while maintaining mechanistic clarity. In contrast, transfer learning and message-
passing neural networks (MLIPs) optimizemulti-phonon scattering prediction speeds (105× acceleration) with
high accuracy (energy RMSE: 0.4 meV/atom), but operate as black boxes requiring DFT validation to anchor
physical meaning.

Regarding robust input features and feature engineering strategies, the reliability of ML in thermal transport
modeling hinges on integrating physically meaningful descriptors and adaptive selection methods. Atomic-
scale fundamental properties - such as atomic number, elastic modulus, and Pauling electronegativity - form
the basis of predictive frameworks, as seen in GBR models refining these parameters into critical lattice and
electronic structure descriptors. Phonon-specific features (e.g., Grüneisen parameters, phonon group veloci-
ties) and defect-related attributes (e.g., doping concentrations) are essential for decoding thermal conductivity
trends, with their inverse correlations validated across multiple material systems. Multi-source feature fusion
strategies, combining DFT-derived phonon dispersion data, experimental transport measurements, and struc-
tural parameters (e.g., 411 lattice/electrical property data points for AdaBoost), create a rich input space for
capturing anisotropic and temperature-dependent behaviors. Adaptive feature selection methods - including
stepwise feature pruning (21 → 8 descriptors), attention mechanisms for weighting scattering pathway
contri-butions, and transfer learning across phonon orders - enhance model generalization. For example, the
SISSO algorithm identifies nonlinear dependencies on p-orbital radii in topological insulators, while MLIPs
leverage interatomic potential learning to accelerate scattering simulations. These approaches collectively
demonstrate that robust feature engineering, harmonizing theoretical priors with data-driven selection, is
critical for decod-ing complex structure-thermal transport relationships in thermoelectric materials.

ML FOR PREDICTING 𝑧𝑇 VALUES
The thermoelectric figure of merit (𝑧𝑇) remains the critical performance metric for evaluating energy conver-
sion efficiency in thermoelectric materials. Recent breakthroughs in ML applications have transformed 𝑧𝑇

prediction methodologies, enabling accelerated discovery of high-performance materials through data-driven
approaches. Li et al. pioneered large-scale 𝑧𝑇 prediction using LightGBM models, analyzing 5,038 materi-
als from established databases [101]. Their recursive feature elimination (RFE) approach identified 57 critical
physicochemical descriptors, achieving exceptional prediction accuracy (𝑅2 = 0.959, RMSE = 0.094) while
screening over one million candidates to discover nine promising high-𝑧𝑇 materials. Building on this founda-
tion, Xu et al. scaled themethodology to 130,000 compounds through an autoencoder-LightGBM architecture,
reducing 13,000 original features to 64 latent variables while maintaining high fidelity (𝑅2 = 0.94) [102]. This ap-
proach successfully identified 13 novel candidates, including four previously known thermoelectric materials,
demonstrating ML’s capacity for both discovery and validation.

Wang et al. further advanced the field through stacked ensemble learning, integrating five regression models
(random forest, decision tree, k-nearest neighbors, XGBoost, and LightGBM) across 5,226 data points [103].
Their ensemble architecture achieved superior accuracy (𝑅2 = 0.970) with particular sensitivity to doping
concentration variations, ultimately verifying 43 high-𝑧𝑇 materials through DFT validation. These studies col-
lectively establish LightGBM as the dominant algorithm in traditional ML approaches for 𝑧𝑇 prediction, com-
bining computational efficiency with high predictive fidelity. Parallel developments in deep learning demon-
strate complementary strengths, as evidenced by Madavali et al.’s work on p-type BiSbTe alloys [104]. Their
ANN model, trained on experimental data from spark plasma sintered samples, achieved remarkable accu-
racy (MAE = 7.29% at 400 K) by correlating compositional parameters, processing conditions, and transport
properties. Experimental validation confirmed 𝑧𝑇 enhancement from 0.62 to 0.95 through grain refinement
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strategies guided by ML insights.

The convergence of computational and experimental approaches marks a paradigm shift in thermoelectric ma-
terials research. Current methodologies exhibit distinct advantages: LightGBM-based models excel in rapid
large-scale screening, while DNNs demonstrate superior performance in process-property correlation anal-
ysis. Hybrid architectures combining autoencoders with ensemble methods are emerging as powerful tools
for feature space compression and prediction accuracy enhancement. Recent benchmarks indicate 40%-70%
acceleration in discovery cycles compared to conventional trial-and-error approaches, with particular success
in narrow-bandgap semiconductors and complex Zintl phases. Table 2 summarizes these methodological
advancements, highlighting performance metrics and material systems where ML has driven significant 𝑧𝑇
improvements. As the field progresses toward integrated computational platforms combining DFT, ML, and
autonomous experimentation, the potential for discovering next-generation thermoelectric materials contin-
ues to expand exponentially.

ML-AIDED DESIGN OF HIGH-PERFORMANCE THERMOELECTRIC MATERIALS
The integration of ML into thermoelectric materials research has catalyzed a paradigm shift from serendipi-
tous discovery to rational design, fundamentally transforming every stage from computational screening to
experimental optimization. This evolution is exemplified by groundbreaking studies that harness diverse algo-
rithmic approaches to decode complex structure-property relationships and accelerate materials development
cycles.

Jia et al. pioneered unsupervised learning applications through systematic analysis of 456 HH compounds
from the MP database [105]. Their seven-algorithm clustering framework (K-means, DBSCAN, AGNES, etc.)
processed 484 descriptors spanning electronic band structures (effective mass 𝑚∗, band gap 𝐸𝑔), mechanical
properties (elastic tensor 𝐶𝑖 𝑗 ), and thermal transport parameters (Grüneisen parameter 𝛾). The iterative re-
finement process, validated by silhouette scores exceeding 0.65, identified Sc0.7Y0.3NiSb0.97Sn0.03 as a p-type
championmaterial with 𝑧𝑇 = 0.5 at 925 K.This represents a 150% improvement over baseline ScNiSb, achieved
through strategic Y/Sn co-doping that simultaneously optimized carrier concentration (𝑛 = 3.2×1019 cm−3) and
suppressed LTC [𝜅𝐿 = 1.8 W/(m·K)]. The methodology’s success in discovering 20 viable candidates from 436
unlabeled samples demonstrates unsupervised learning’s potential for exploring uncharted chemical spaces.
The ML screening process is shown in Figure 5.

Building on this foundation, Vaitesswar et al. established supervised learning benchmarks through compara-
tive analysis of 12 ML models [106]. Their random forest implementation outperformed DNNs in cubic mate-
rial systems, achieving MAE of 0.12 vs. DNN’s 0.18 in 𝑧𝑇 prediction. The model’s feature importance analysis
revealed atomic radius ratio (𝑟𝐴/𝑟𝐵) and electronegativity difference (Δ𝜒) as critical descriptors for HH com-
pounds, guiding the discovery of ZrSiPt with predicted 𝑧𝑇 = 1.2 at 800 K. Experimental validation through
spark plasma sintering confirmed 𝑧𝑇 = 1.05, demonstrating 87% prediction accuracy. This work established a
template for interpretable ML in thermoelectrics, with Shapley value analysis quantifying each feature’s con-
tribution to model predictions.

Xu et al. advanced feature engineering through entropy-based selection, reducing 130,000+ material systems
to 6,476 high-potential candidates [107]. Their ExtraTree algorithm identified four critical descriptors: weighted
phonon velocity ⟨𝑣𝑝⟩, anharmonicity index 𝐴ℎ, carrier mobility ratio 𝜇𝑒/𝜇ℎ, and charge transfer integral
𝐽𝐶𝑇 . The optimized random forest model achieved 92% precision in recovering known thermoelectrics while
proposing novel candidates such as Bi2Te2SeS with predicted 𝑧𝑇 = 1.4. Experimental synthesis confirmed 𝑧𝑇

= 1.32 at 650 K, validating the model’s predictive power. This 85% reduction in experimental search space
translates to 6-month acceleration in typical discovery timelines.
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Figure 5. Screening combination of unsupervised ML with the labeled reported known HH TE materials [105]. ML: Machine learning; HH:
half-Heusler; TE: thermoelectric.

Fan and Oganov [108] revolutionized high-throughput screening through integration of first-principles calcu-
lations (796 chalcogenides) with ensemble learning. Their M3GNet architecture, combining graph neural net-
works with message passing, achieved 93% classification accuracy for n-type materials by analyzing doping-
induced band structure modifications. The model identified 17 novel candidates including Tl0.5Ag0.5SbTe2
with 𝑧𝑇 = 1.6 predicted through synergistic optimization of PF (PF = 4.2 mW/mK2) and LTC [𝜅𝐿 = 0.8
W/(m·K)]. Experimental verification showed 15% average deviation from predicted values, highlighting re-
maining challenges in modeling interfacial phonon scattering.

Chen’s gene expression programming (GEP) framework [109] represents the cutting edge in microstructure
design. By simulating evolutionary pressure on Bi2Te3 nanostructures, the model identified optimal entropy
engineering strategies: 5 nm Sb2Se3 precipitates with 2.5 at.% Ge doping. This configuration reduced 𝜅𝐿 by
62% [from 1.5 to 0.57 W/(m·K)] while maintaining 𝜎 > 900 S/cm, yielding 𝑧𝑇 = 1.7 at 700 K. In situ TEM
characterization revealed the mechanism as coherent interface-induced phonon localization, validating the
model’s nanostructural predictions.

The collective advances in ML applications demonstrate transformative multidimensional impacts across ther-
moelectricmaterials research: Discovery cycles have accelerated 5–10× compared to traditional DFT screening
through automated feature engineering and high-throughput validation; Performance enhancements achieve
50%–150% 𝑧𝑇 improvements via optimized doping strategies guided by Shapley value analysis; Mechanistic
insights quantified through feature importance metrics reveal fundamental design principles linking atomic
defects to carrier transport; Synthesis parameters including SPS temperatures (error < 15 K) and doping gra-
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dients (accuracy > 85%) are now predictable with laboratory-grade precision. Despite these breakthroughs,
critical challenges persist - a 10%–15% accuracy gap between predicted and experimental 𝑧𝑇 values, difficulties
in modeling anisotropic thermal transport in low-symmetry systems, and integration hurdles between robotic
synthesis platforms and real-time ML feedback loops. Emerging solutions employ multi-fidelity models that
synergistically combine DFT calculations, experimental datasets, andML predictions, as exemplified by recent
closed-loop systems achieving 92% prediction-experiment correlation in PbTe-based materials. This techno-
logical convergence is propelling the field toward autonomous materials innovation platforms capable of com-
pressing decade-long development cycles into months, with current prototypes demonstrating 40% faster opti-
mization rates per iteration. The roadmap ahead prioritizes quantum-informed neural networks for extreme-
condition prediction, in situTEM-coupledML for dynamicmicrostructure evolution, and blockchain-enabled
distributed material databases - key enablers for realizing the ultimate vision of intelligent thermoelectric ma-
terial ecosystems with self-optimizing design capabilities.

INVERSE DESIGN OF THERMOELECTRIC MATERIALS
Inverse design is driving a paradigm shift in the discovery of thermoelectric materials. Compared to forward
ML predictions based on structure-property mapping, inverse design demonstrates three pivotal advantages:
(1) Elimination of redundant iterative processes by establishing end-to-end “target property → material
con-figuration” generative models, thereby avoiding inefficient inverse deduction required in forward
approaches; (2) Dynamic multi-parameter co-optimization through constraint satisfaction algorithms and
Pareto frontier analysis, enabling simultaneous optimization of competing parameters (e.g., electrical
conductivity vs. ther-mal conductivity) while embedding experimental constraints (synthesis temperature,
elemental cost) into the generation workflow; (3) Integration of global exploration and local refinement
mechanisms, combining rein-forcement learning for broad material space screening with variational
autoencoders (VAEs) for atomic-level tuning of lattice defects and carrier concentration to surpass
performance limits of empirical design. Currently evolving from an auxiliary tool to a core paradigm,
inverse design is transforming thermoelectric materials development through its “target-driven/
experimental-constrained” framework, marking the transition from trial-and-error approaches to intelligent
customization and heralding the advent of on-demand materials de-sign era.

Long et al. proposed a conditional generative adversarial network (CVAEGAN) framework combined with
a ResNet-enhanced encoder and diversity-driven loss function, as shown in Figure 6A. This framework can
systematically explore a vast compositional space under strict experimental constraints (e.g., synthesis temper-
ature below 1,200 °C and elemental cost thresholds). The key methodological advances are: A dataset of 3,000
thermoelectric materials, covering eight major systems (e.g., Mg-based alloys, BiTe, HHs), was constructed
through SMOTE oversampling and literature mining, ensuring balanced representation across temperature
ranges (low/medium/high) and doping complexity. By encoding 𝑧𝑇 targets and processability criteria as condi-
tional inputs, the model generates materials that inherently satisfy multi-objective Pareto optimization, achiev-
ing 𝑧𝑇 > 1.0 in 100 candidate compositions, including 72.8% novel unreported systems. A combination of re-
inforcement learning-guided global screening and VAE-based atomic-level refinement dynamically optimizes
carrier concentration gradients and phonon scattering centers, yielding materials with negative formation en-
ergies (98.3% stability) and enhanced electronic-thermal transport balance. The experimental validation of
Mg3.1Sb0.5Bi1.497Te0.003 (𝑧𝑇 = 0.75 at 300 K) highlights the model’s ability to bridge theoretical predictions
and synthesis feasibility. This paradigm shift from “property-to-structure” mapping not only accelerates ma-
terial discovery but also establishes a scalable framework for tackling multi-parameter trade-offs in functional
materials, heralding a new era of intelligent, constraint-aware design [110].

While the CVAEGAN framework proposed by Long et al. achieves constrained generation under experimen-
tal constraints such as synthesis temperature and elemental cost thresholds, challenges persist in encoding
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Figure 6. Some current reverse design methods are as follows: (A) CVAE-GAN combined with a ResNet-enhanced encoder [110]; (B)
GANs [112]; (C) Supercon-diffusion [111]. CVAE-GAN: Conditional variational auto - encoder generative adversarial network.

complex physical constraints (e.g., crystal structure stability, defect formation energy) and dynamic synthe-
sis conditions (e.g., cooling rate, doping uniformity). Current models rely on manually predefined thresholds,
struggling to accurately characterize nonlinear constraints such asmetastable phase evolution and interfacial ef-
fects in real material systems. Developing data-driven constraint embeddingmethods based on first-principles
calculations - such as converting DFT-derived phonon dispersion relations and electronic band structures into
implicit regularization terms for generative models - remains critical.

Integrating inverse design with DFT workflows also faces bottlenecks, as existing frameworks depend on post-
hoc DFT validation for key parameters such as electron-phonon coupling and thermal transport anisotropy,
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leading to high computational costs in the “generate-validate” cycle. Constructing cross-scale transfer models
to integrate DFT-derived descriptors (e.g., effective mass, relaxation time) into real-time constraint feedback
during network propagation is essential for efficiency.

Experimental validation further encounters challenges in high-throughput screening and characterization,
where only a fraction of generated high-zT candidates (e.g., Mg3.1Sb0.5Bi1.497Te0.003) are experimentally ver-
ified, highlighting discrepancies between theoretical predictions and practical synthesis conditions (e.g., sto-
ichiometric errors, grain boundary defects). Future efforts should focus on establishing closed-loop integra-
tion between inverse design models and robotic synthesis platforms, leveraging active learning strategies to
optimize sample selection and developing in-situ characterization techniques to enable an intelligent “generate-
synthesize-validate-iterate” design cycle. Overcoming these challenges will drive thermoelectric material de-
sign from “constraint-aware” to “physically intelligent” paradigms, providing a universal methodology for in-
verse design in multi-parameter coupling systems.

At present, there are many blanks in the inverse design of thermoelectric materials, while the inverse design
has been very popular in the design of other types of materials. Here, we will introduce several effective inverse
design methods to provide new ideas for the inverse design of thermoelectric materials.

In the field of high-temperature superconductor inverse design, Zhong et al. proposed a deep generativemodel
that combines VAE and generative adversarial networks (GANs), as shown in Figure 6B. This model maps su-
perconductor compositions into a low-dimensional latent space via the encoder and applies a conditional gen-
erative adversarial mechanism to achieve precise regulation of the critical temperature (𝑇𝑐). The research team
extracted data for 7,375 superconductors from the SuperCon database and categorized them into three groups
based on 𝑇𝑐 : high (> 77K), medium (40–77K), and low (20–40K), which were used as generation conditions.
Through adversarial learning, themodel optimized the authenticity of the generated samples and their𝑇𝑐 align-
ment, successfully predicting hundreds of potential superconductor compositions with 𝑇𝑐 > 77K. Notably,
the model revealed a relationship between copper concentration and 𝑇𝑐 in copper-based superconductors,
finding that when the copper concentration approximates 2.41 (e.g., Hg0.37Ba1.73Ca1.18Cu2.43O6.93Tl0.69), 𝑇𝑐
peaks at 129.4 K, consistent with experimentally observed effects of copper-oxide layers. Although the model
still has limitations in terms of diversity and charge neutrality validation, it represents the first application of
generative models in superconductor inverse design, providing a critical paradigm for future research [111].

To address the limitations of traditional generative models in designing doped superconductors, Zhong et al.
further proposed the Supercon-Diffusion method, which is based on a diffusion model and three-channel ma-
trix representation. This method innovatively decomposes stoichiometric numbers into integer, first decimal,
and second decimal channels, as shown in Figure 6C. Through a stepwise noise addition and denoising pro-
cess, combined with 𝑇𝑐-condition constraints, it achieves high-precision control of doping ratios. Training on
7,315 doped superconductor data points, the model generated samples with improvements in charge neutrality
(55%) and doping effectiveness (55%), exceeding traditional GANs by over ten times. Additionally, 98% of the
generated samples exhibited negative formation energies, indicating thermodynamic stability. The study also
found that the model could automatically identify optimal doping ranges in key families (e.g., YBa2Cu3O7),
such as 𝑇𝑐 > 90K when La doping is in the range of 0.1–0.2, which aligns closely with experimental values.
Through DOS calculations, generated superconductors (e.g., Hg0.75Tl0.25Ba2Ca2Cu3O8) exhibited flat-band
characteristics near the Fermi level, resembling those of copper-based superconductors, further validating
composition-performance correlations. This work not only proposed 200 previously unreported high-𝑇𝑐 can-
didate materials but also demonstrated the stability of the diffusionmodel and the advantages of three-channel
representation, providing a novel approach for inverse design in complex doped systems [112].
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Figure 7. (A) Current utilized features (take PbTe as example); (B) Current utilized deep learning methods.

CONCLUSION
In this paper, we provided a comprehensive introduction to the application ofML in the field of thermoelectric
materials. We can utilize ML to predict various properties of thermoelectric materials and also employ it to
assist in the design of novel thermoelectric materials. Figure 7A shows some existing material features and
Figure 7B shows deep learning methods used in thermoelectric material ML. Although some achievements
have beenmade in the application ofML in the field of thermoelectricmaterials, there are still many limitations.
Here, we offer some potential directions.

Structural prediction and optimization
In order to achieve efficient design and development of thermoelectric materials, the development of advanced
ML models to predict their crystal structures and atomic arrangements is of paramount importance. These
models, trained on large-scale databases of known crystal structures, are capable of learning complex struc-
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tural features and patterns, thereby significantly enhancing the accuracy of predicting new structural configu-
rations. This data-driven predictive approach not only accelerates the discovery process of new materials but
also provides valuable theoretical guidance for experimental research. Furthermore, integrating ML predic-
tions with first-principles calculations enables in-depth validation and optimization of the predicted structures.
First-principles calculations, based on quantum mechanics, can precisely describe the physical properties of
materials at the electronic level. Through this integration, researchers can conduct detailed stability analyses
and electronic property calculations of the predicted structures, thereby screening for thermoelectric materials
with potentially high performance. This synergistic approach not only increases the reliability of predictions
but also offers theoretical support for further material optimization. In addition, high-throughput screening
technology plays a crucial role in this process. With the aid of automated computational tools, researchers can
rapidly evaluate a large number of predicted structures to identify candidate materials with optimal thermo-
electric properties. This method enables the processing and analysis of vast amounts of data in a short period
of time, significantly improving the efficiency of material screening and reducing the workload of experimen-
tal validation. High-throughput screening not only quickly identifies materials with superior performance but
also provides a clear direction for subsequent experimental synthesis and performance optimization.

Multi-scale modeling and simulation
With the continuous development of science and technology, the demand for high-performance thermoelec-
tric materials is steadily increasing. In order to better understand and optimize the performance of these
materials, it is necessary to develop multi-scale MLmodels that can predict the performance of thermoelectric
materials across different length scales (from atomic to macroscopic). These models are capable of captur-
ing the complex relationships between atomic structure, microstructure, and macroscopic properties through
advanced algorithms and data processing techniques, thereby providing more comprehensive theoretical sup-
port for material design. Specifically, the structure at the atomic scale determines the fundamental physical
properties of the material, while the microstructure influences its microscopic physical behavior. Macroscopic
properties are the integrated manifestation of these microscopic characteristics. By using multi-scale MLmod-
els, these characteristics at different levels can be connected, enabling accurate prediction of the performance
of thermoelectric materials. Moreover, combining the physical theories of thermoelectric transport with ML
algorithms not only helps to deeply understand the fundamental mechanisms controlling thermoelectric per-
formance but also enables the prediction of material behavior under various complex conditions. This inte-
gration fully leverages the guiding role of physical theory and the powerful data processing capabilities of ML,
offering new perspectives and methods for the study of thermoelectric materials. Finally, ML technology can
also be used to simulate the behavior of thermoelectric materials under different working conditions. For
example, in practical applications, thermoelectric materials often need to operate under varying temperature
gradients and mechanical stresses. Through ML models, these complex working conditions can be simulated
and analyzed, providing strong support for the design and optimization of materials. This not only helps
to enhance the durability of the materials but also further improves their performance, making them better
suited to meet practical application requirements. Therefore, the development of multi-scale ML models and
their application in the research and design of thermoelectric materials are of great significance for advancing
thermoelectric technology.

Inverse design and feedback loop
In recent years, with the rapid development of artificial intelligence technologies, inverse design models have
shown great potential in the discovery and design of novel thermoelectric materials. Among them, emerging
technologies such as GANs, diffusionmodels, VAEs, and generative methods based on reinforcement learning
are becoming important tools for driving innovation in thermoelectric materials.

The core advantage of these models lies in their ability to start from target performance and inversely gen-
erate material structures with specific functions. GANs optimize the generated material structures through
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the adversarial training between the generator and discriminator, bringing their thermoelectric performance
close to or even beyond that of existing materials. Diffusion models, on the other hand, reconstruct mate-
rial configurations with ideal performance from random data by gradually removing noise. VAEs map the
structural features of materials into a low-dimensional space through the synergy of the encoder and decoder,
and then reconstruct materials with optimized performance through the decoder. Additionally, generative
methods based on reinforcement learning can dynamically adjust material design strategies through a reward
mechanism, thus efficiently exploring the material design space.

These advanced inverse design models not only break through the limitations of traditional design thinking
but also, with the support of large-scale data, rapidly explore the material design space to discover novel ma-
terials with unique microstructures and excellent thermoelectric performance. For example, by combining
physical theories with ML algorithms, these models can generate materials with specific atomic arrangements,
microstructures, and macroscopic properties, thus providing new ideas for the design of high-performance
thermoelectric materials.

Looking to the future, these inverse design models are expected to form a close feedback loop with experimen-
tal synthesis and characterization techniques. ML models can generate potential material structures, while
experimental validation provides feedback data to further optimize the accuracy and reliability of the models.
Through this iterative optimization process, not only can the discovery of high-performance thermoelectric
materials be accelerated, but the cost and time of research and development can also be significantly reduced.
Moreover, with the continuous improvement of computational power and the increasing richness of data re-
sources, these models will be able to handle more complex material systems and even achieve material design
under multi-physics coupling conditions.

Ultimately, the integration of various inverse design methods, including GANs, diffusion models, VAEs, and
reinforcement learning, is expected to bring revolutionary breakthroughs to the field of thermoelectric mate-
rials.
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