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Abstract: 

The availability of precise prediction of electronic and thermal transport 

properties in multidimensional (2D) functional materials is a key to the next-

generation nanoelectronics, thermoelectric devices, and energy-efficient 

system. The conventional first-principles and numerical simulation methods 

though physically accurate, are computationally complex and not very scalable 

due to the large size of material design spaces that can be investigated. New 

deep learning and generative AI designs have made predictions more efficient 

but are limited by data dependency, poor physical interpretability and lack of 

generalization between material families. Additionally, a majority of current 

methods fail to utilize new quantum-enhanced learning state-of-the-art that has 

the potential to learn the electromagnetic scale interactions of 2D materials 

which are complex. In response to these issues, this paper will present an 

interpretable quantum-enhanced generative artificial intelligence to predictive 

simulation of electronic and thermal transport in 2D functional materials. The 

proposed model combines a quantum-inspired generative architecture with 

physics-aware feature encoding and explainability mechanisms to guarantee 

physically meaningful predictions. The framework is assessed on benchmark 

2D material datasets that ushers in first-principles simulations, such as 

electronic band structure and thermal conductivity measurements. The results 

of the experiment indicate accuracy in prediction of 98.4 percent of electronic 

transport and a 24 percent smaller error in simulation of thermal transport as 

opposed to the state-of-the-art deep learning models. The findings affirm the 

existence of quantum-enhanced generative intelligence that facilitates precise, 

interpretable, and scalable simulation of transport phenomena in new 2D 

materials. 

Keywords: 2D Materials, Electronic Transport, Explainable AI, Generative 

Models, Quantum-Enhanced AI, Thermal Transport,  

 

1. INTRODUCTION 

The next-generation nanoelectronics, thermoelectric devices, and energy-saving systems require 

precise estimation of the electronic and thermal transport characteristics of the type of materials used 

with two-dimensional (2D) geometry. Traditional first-principles and numerical simulation methods 

are physically accurate, but computationally complex and limited in scaling to large material design 

spaces. The latest deep learning and generative AI schemes have enhanced prediction performance yet 
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are limited by data reliance, restricted physical interpretability, and weak generalization beyond 

material families. Furthermore, the majority of the existing strategies fail to take advantage of emergent 

quantum-enhanced learning models that are able to model complex quantum-scale interactions within 

2D materials. To overcome these limitations, the present paper offers to specify an interpretable 

quantum-enhanced generative AI model of predictive simulation of electronic and thermal transport 

in 2D functional materials.  

The model proposed incorporates quantum-inspired generative model with physics behavioralising 

feature encoding and explainability capability to guarantee physically significant predictions. The 

model is tested based on benchmark 2D material data sets obtained through first-principles 

simulations, such as electronic band structure and thermal conductivity measurements.  

Experimental data show that the prediction accuracy of electronic transport is 98.4% and the error in 

simulation is 24 percent lower than the state-of-the-art deep learning models. These findings affirm 

that quantum-enhanced generative intelligence can simulate transport phenomena in new 2D materials 

with the needed accuracy, interpretability, and scalability. 

This paper introduces a novel quantum-enhanced generative AI model that integrates physics-aware 

encoding and explainability mechanisms for predictive transport simulation. 

The main contributions of this work are: 

• A quantum-enhanced generative architecture for joint electronic and thermal transport 

prediction in 2D materials. 

• Physics-informed and interpretable features learning to ensure physically meaningful 

predictions. 

• A unified framework capable of scalable and efficient predictive simulation across material 

families. 

• Comprehensive evaluation on benchmark 2D material datasets with superior accuracy and error 

reduction. 

The remainder of this paper is organized as follows. Section 2 reviews recent work on AI-based 

transport modeling and quantum-enhanced learning. Section 3 presents the proposed methodology. 

Section 4 discusses experimental evaluation and results. Section 5 concludes the paper and outlines 

future research directions. 

 

2. RELATED WORKS 

The AI-based materials discovery systems have greatly expedited property prediction and screening, 

though transport modeling is computationally costly and interpretability-limited when applied to 

several different 2D materials [1]. Electronic transport prediction algorithm, based on machine 

learning, has been shown to be more efficient than first-principles methods, but is unable to reproduce 

the effects of coupling, or to accurately describe quantum interactions [2]. Thermal transport models 

based on data have demonstrated encouraging accuracy but cannot easily be extrapolated to unexplored 

materials due to their heavy dependence on big data [3].  

Generative deep learning has already been used in materials modeling, allowing it to be used to 

generate candidates, although transport simulation has not been studied [4]. Physics-informed neural 

networks enhance physical consistency in materials simulation but are usually limited to classical 

learning networks [5]. Quantum machine learning has become a potent paradigm that can model 

complex quantum correlations, and it opens up a new possibility in modeling materials [6].  

Quantum-inspired generative models have more expressive capabilities, but their application in the 

field of materials transport prediction is not yet broadly adopted [7]. AI-physics models have been 

demonstrated to be more robust in 2D materials and frequently do not contain clear interpretability 

tools [8]. There are proposable AI methods that have been proposed to interpolate materials models, 

but they are not commonly combined with generative transport methods [9]. 

The multi-task learning methods can perform combined electronic and thermal forecasting but cannot 

scale and cannot be physically interpreted [10]. The quantum enhanced learning architectures 

demonstrate better modeling of nanoscale systems, which are possible to be used in the field of 

transport simulation [11]. The interpretable materials informatics emphasizes that there is a need of 

transparent AI models that should be consistent with physical intuition [12].  
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Transport property generative modeling has been considered, although the existing models are not 

quantum-aware and interpretable [13]. Data-efficient methods of learning enhance generalization and 

they failed to use quantum-enhanced representations completely [14]. Recent surveys highlight the 

necessity of interpretable, quantum-aware AI frameworks to enable predictive simulation of quantum 

materials [15]. 

. 

3. PROPOSED MODEL: 

This article suggests an interpretable quantum-enhanced generative artificial intelligence oracle of 

predictive simulation of coupled electronic and thermal transport in two-dimensional (2D) functional 

materials. The suggested model combines quantum-enhanced generation learning with physics-aware 

features encoding and interpretability restrictions to efficiently learn quantum-scale transport relations. 

The framework is able to achieve this by integrating generative modeling, transport physics, and 

explainable learning to produce accurate, scalable, and physically meaningful simulations of transport 

phenomena in a variety of 2D material systems. 

 

 
Figure 1. Architecture of the Interpretable Quantum-Enhanced Generative Transport Model 
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The figure 1 illustrates a physics-aware, quantum-enhanced generative AI framework for interpretable 

prediction of coupled electronic and thermal transport properties in two-dimensional functional 

materials. 

3.1 2D Material Representation and Transport Feature Encoding 

Each 2D material sample is represented by a descriptor vector 

 𝐱𝑖 = [𝑥𝑖1, 𝑥𝑖2, … , 𝑥𝑖𝑑]  (1) 

where 𝑑denotes structural, electronic, and thermal descriptors such as lattice constants, bandgap, 

effective mass, phonon dispersion parameters, and layer thickness. 

The target transport properties are defined as 

 𝐲𝑖 = [𝜎𝑖 , 𝜅𝑖] (2) 

where 𝜎𝑖is the electronic conductivity and 𝜅𝑖is the thermal conductivity. This joint formulation allows 

the model to capture coupled transport behavior rather than treating electronic and thermal transport 

independently. 

3.2 Quantum-Enhanced Generative Modeling Module 

To model complex quantum-scale interactions, a quantum-enhanced generative model is employed. 

The latent representation is defined as 

 𝐳𝑖 ∼ 𝒩(0, 𝐼) (3) 

where 𝐳𝑖encodes hidden quantum-correlated features. 

The generative mapping is expressed as 

 𝐲̂𝑖 = 𝐺𝜃(𝐱𝑖, 𝐳𝑖) (4) 

where 𝐺𝜃(⋅)represents the quantum-enhanced generator. Quantum enhancement is realized through 

parameterized quantum-inspired layers that simulate superposition and entanglement-like feature 

interactions within the latent space. 

This design increases expressive capacity while reducing classical computational overhead in 

modeling high-dimensional transport interactions. 

3.3 Physics-Informed Transport Consistency Enforcement 

To ensure physical validity, transport predictions are constrained using governing transport relations. 

The electronic transport obeys 

 𝜎 = 𝑞2∫ 𝑣2(𝐸)𝜏(𝐸)𝐷(𝐸) ( −
∂𝑓
∂𝐸

)𝑑𝐸 (5) 

and the lattice thermal transport follows 

 𝜅 =
1

3
∫ 𝐶𝑣(𝜔)𝑣

2(𝜔)𝜏(𝜔)𝑑𝜔 (6) 

A physics-informed loss term is defined as 

 ℒphys =∥ 𝜎̂ − 𝜎phys ∥
2 +∥ 𝜅̂ − 𝜅phys ∥

2 (7) 

where 𝜎physand 𝜅physare transport values derived from physical constraints. This ensures that generated 

predictions remain consistent with known transport laws. 

3.4 Interpretable Learning and Attention Attribution 

To enhance transparency, an interpretable attention-based mechanism is embedded within the 

generative model. Feature importance weights are computed as 

 𝛼𝑗 =
exp⁡(𝑒𝑗)

∑ exp⁡(
𝑑

𝑘=1
𝑒𝑘)

 (8) 

where 𝛼𝑗reflects the contribution of the 𝑗-th descriptor to transport prediction. 

The interpretable output is given by 

 𝐲̂𝑖 =∑𝛼𝑗

𝑑

𝑗=1

𝜙𝑗(𝐱𝑖𝑗) (9) 

allowing direct attribution of transport behavior to specific physical features. This mechanism enables 

physical interpretability and supports scientific insight into transport mechanisms. 
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3.5 Model Optimization and Training Objective 

The overall training objective combines generative accuracy, physical consistency, and 

interpretability: 

 ℒtotal = ℒgen + 𝜆1ℒphys + 𝜆2ℒinterp (10) 

where 

 ℒgen =
1

𝑁
∑ ∥

𝑁

𝑖=1

𝐲𝑖 − 𝐲̂𝑖 ∥
2 (11) 

and 𝜆1, 𝜆2balance physical fidelity and interpretability. 

The model parameters are optimized using gradient-based learning until convergence, yielding a 

quantum-enhanced, interpretable generative framework capable of accurate and scalable predictive 

simulation of electronic and thermal transport in 2D functional materials. 

 

4. RESULTS AND DISCUSSIONS 

The interpretable quantum-enhanced generative AI model was tested using large-scale computational 

experiments to determine its performance, strength, and scalability in predicting electronic and thermal 

transport in 2D functional materials. Each of the experiments was run on a high-performance 

computing workstation with the Intel Xeon processor, 64 GB RAM, and NVIDIA RTX A6000 GPU. 

Python 3.10 was used to implement the model with PyTorch to implement deep learning, PennyLane 

to simulate quantum-inspired layers, and NumPy/SciPy to perform numerical processing. All the 

compared models were trained and inferred under the same conditions to be fair. Transport properties 

were evaluated through accuracy of prediction, mean absolute error and relative error reduction in 

performance. 

4.1 Dataset Description 

The experimental analysis was based on the data available on the Materials Project (MP) database of 

2D materials that computes electronic and thermal properties of a large collection of two-dimensional 

materials using first-principles methods. This dataset is also commonly used in benchmarking AI-

driven materials simulation because it is reliable and diverse. Dataset link: 

https://materialsproject.org/ 

 

Table 1. 2D Materials Dataset Description 

Feature Category Description 

Structural Features Lattice constants, layer thickness, atomic density 

Electronic Features Bandgap, effective mass, density of states 

Thermal Features Phonon dispersion, heat capacity, group velocity 

Material Types Graphene-like, TMDCs, hexagonal lattices 

Output Labels Electrical conductivity, thermal conductivity 

Data Source First-principles (DFT-based) simulations 

 

Table 1 summarizes the key structural, electronic, and thermal descriptors extracted from the Materials 

Project database. These features enable joint modeling of electronic and thermal transport behavior 

across diverse 2D material families. 

4.2 Performance Evaluation 

The performance of the proposed framework was compared against six representative models 

commonly reported in recent related works, covering classical machine learning, deep learning, 

physics-aware learning, and generative modeling paradigms. 

The compared models include: 

• Support Vector Regression (SVR) 

• Random Forest Regression (RF) 

• Deep Neural Network (DNN) 

• Physics-Informed Neural Network (PINN) 

• Generative Deep Model (GDM) 
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• Quantum-Inspired Neural Network (QINN) 

• Proposed Interpretable Quantum-Enhanced Generative Model 

 

Table 2. Performance Comparison of Transport Prediction Models 

Model 
Electronic Transport 

Accuracy (%) ↑ 

Thermal Transport Error 

Reduction (%) ↑ 
Interpretability 

SVR 87.6 11.2 Low 

RF 89.4 13.5 Low 

DNN 92.1 16.8 Low 

PINN 94.3 19.6 Medium 

GDM 95.6 21.3 Low 

QINN 96.8 22.7 Medium 

Proposed 

Model 

98.4 24.0 High 

 

Table 2 offers a quantitative analysis of the efficacy of transport prediction, thermal error minimization 

and interpretability of various models. The suggested quantum-enhanced generative framework has 

the highest electronic transport accuracy of 98.4 per cent and the greatest decrease in thermal transport 

error, and is the only system that renders high interpretability in the form of attention-based feature 

attribution. These findings indicate the efficiency of quantum enhanced generative modeling and 

physics-informed and interpretable learning in scalable transport simulation of 2D functional 

materials. 

 
Figure 2. Performance Comparison of Transport Prediction Models 

The figure 2 compares electronic transport prediction accuracy of classical, physics-informed, and 

quantum-enhanced AI models, highlighting the superior performance of the proposed interpretable 

quantum-enhanced generative framework. 

 

5. CONCLUSIONS 

This paper introduced an interpretable quantum-enhanced generative AI model to forecast the 

predictive simulation of coupled electronic and thermal transport of two-dimensional functional 

materials. The proposed approach addresses the drawbacks of the existing data-driven and all-physics-

based study methods in the context of scalability, accuracy, and interpretability with quantum-

enhanced generative modeling, physics-informed constraints, and attention-based interpretability. In 
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experimental assessment of benchmark datasets of 2D materials, it was shown that the proposed model 

provides an electronic transport prediction accuracy of 98.4% and a large decrease in thermal transport 

prediction errors, surpassing state-of-the-art classical, physics-inspired and quantum-inspired learning 

models. These findings validate the efficiency of quantum-enhanced generative intelligence and 

interpretable and physics-aware learning to obtain reliable and scalable transport simulation in new 2D 

materials. The framework can be further extended in the future as a work of the real quantum hardware 

implementation and multi-objective optimization to allow faster identification of energy-efficient 2D 

materials to use in nano-electronic and thermoelectric applications. 
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