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1. INTRODUCTION

Abstract:

The development of high-performance materials based on the accurate
optimization of microstructure and property is needed to meet the rapid
development of energy storage systems and conversion systems. Traditional
methods of computation, including density functional theory (DFT) and
molecular dynamics (MD), give essential accuracy and can be computationally
demanding, and scale-limited when large-scale exploration of materials is
required. To overcome these limitations, this research paper suggests a
Quantum-Informed Predictive Deep Graph Neural Network (OD-GNN) model
that combines quantum-mechanical simulated capabilities with graph-based
deep learning to predict and optimize microstructural performance features,
including conductivity, mechanical stability, and thermal resiliency. The model
uses DFT-based descriptors and graph-based atomic connectivity
representations to learn complex structure-property correlations which allows
one to predict properties rapidly without the use of expensive repeated high-
cost simulation. Also a reinforcement-based optimization tool repeatedly
optimizes microstructural configurations to yield desired thresholds in
properties. Significant improvements in currently state of art GNN, CGCNN,
MEGNet, and SchNet frameworks, in terms of smaller prediction errors, faster
screening speed, and better generalization have been verified experimentally
through benchmark energy-material datasets. The proposed QD-GNN is a
scalable route to Al-intensified discovery of next-generation battery, fuel-cell,
and solid-state electrolyte materials.

Keywords: Deep Graph Neural Network, DFT descriptors, Energy materials,
Microstructure-property mapping, Materials discovery, Material informatics,
Predictive modeling, Quantum mechanical simulation, Reinforcement
optimization,

In energy storage, solid-state electrolytes, lithium-rich cathodes, perovskites, and metal-organic
frameworks will all be crucial in addressing the global sustainability goals of energy storage,
integration of renewable power sources, and efficient electrochemical conversion. Nonetheless, the
sophisticated structure-property relationships on which functional performance depends are to be
explored computationally and experimentally in large amounts. These models have demonstrated to
be physical reality accurate, and with appropriate computational methods such as Density Functional
Theory (DFT) and Molecular Dynamics (MD) have proven inexpensive in calculating large design
spaces, but remain slow and expensive to scale to a large design space. This has the effect of only a
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small number of potentially useful material candidates being fully explored, greatly dragging out
discovery cycles.

The recent progress in machine learning-controlled materials design has accelerated the investigation
because predictive models are learned to connect structural character to the results of performance.
More specifically, Graph Neural Networks (GNNs) have demonstrated potential because they are
capable of capturing the atomic interaction and spatial bonding data in crystalline or amorphous
materials. Nevertheless, the available GNN models essentially rely on empirical structural descriptors
and are not as aware of the quantum energy and atoms, which causes inadequate predictive resilience
to translocation to unobserved or complicated microstructures.

The current study addresses these shortcomings and proposes a Quantum-Informed Predictive Deep
Graph Neural Network (QD-GNN) architecture combining quantum-based descriptors, graph-based
structural encodings, and reinforcement-based optimization strategies. The suggested framework
allows determining the suitability of the materials quickly and correctly by integrating a first-principles
knowledge of physics with data-driven modeling, which is much cheaper to simulate and, nonetheless,
can be interpreted physically. The major contributions of this research are summarized as follows:

e A novel Quantum-Informed GNN architecture that leverages DFT-driven attributes such as
formation energy, bandgap, charge density and cohesive energy to enhance predictive accuracy
compared to classical GNN models.

e Graph-based microstructure representation capturing atomic connectivity and spatial
neighborhood information for crystalline and amorphous energy materials.

o Integration of a reinforcement optimization module that guides iterative structural evolution
towards target thermal, electrical or mechanical properties.

o Extensive experimental benchmarking against state-of-the-art models including CGCNN,
MEGNet, SchNet, and MatDeepLearn, demonstrating superior performance in RMSE, MAE,
inference speed, and material screening throughput.

2.  RELATED WORKS

In recent years, data-driven materials design has integrated quantum-mechanical simulations,
microstructure analysis, and deep learning architectures, especially graph neural networks, to speed up
prediction and optimization of properties. Shen et al. proposed a framework of quantum-informed
simulations that combines electronic-structure calculations with continuum mechanics, to understand
the way quantum effects can alter the macroscopic mechanical properties, and have shown that
inclusion of quantum corrections can fundamentally alter the yield and fracture behavior predicted in
engineering alloys [1]. The Sharma et al. presented quantum-accurate machine-learning spectral-
neighbor potentials of metalorganic frameworks, and, based on DFT data, are capable of producing
structural and vibrational properties, and with an active-learning scheme are able to recognize how
little expensive quantum data is needed [2].

In another similar work quantum-informed machine-learned force fields were built on CO 2 adsorption
in MOFs, in which high-level electronic-structure modeling was reduced to surrogate ML potentials,
which allow one to perform large-scale molecular dynamics at near-DFT accuracy [3]. A systematic
study of machine-learning methods to infer microstructure-property relationships with an image and a
voxel ran the comparisons of convolutional and graph-based models of image-based information and
the significance of physically meaningful descriptors in extrapolating across processing conditions [4].
Recent progress in machine-learning-assisted multiscale design of energy materials was reviewed by
Mortazavi and co-authors, highlighting the use of surrogate models that have been trained on quantum
and mesoscopic simulations to extrapolate atomistic data to battery-, supercapacitor-, and solid-
electrolyte-level performance [5].

Nyangiwe et al. reviewed the applications of density functional theory with machine learning to
nanomaterials, summarizing workflows where DFT-derived structural and electronic descriptors are
trained on catalytic, optical and mechanical properties, thereby eliminating the need to screen
exhaustively with first-principles simulations [6]. Looking at microstructure images in particular,
Durmaz et al. proposed a deep-learning based classification pipeline of steel microstructure quality
control, in which CNNs classify between martensite and bainite variants, besides automatically
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measuring needle length, an automated alternative to the conventional manual metallographic
evaluation [7].

Liu et al. suggested a fast-forward energy-material design prediction framework where machine-
learning predictors are used to estimate time-intensive electrochemical models, allowing the fast
screening of electrode designs and experimental synthesis of electrode designs under plausible
compositions [8]. Cheng et al. developed a full-space inverse materials design (FSIMD) method that
combines generative models and property predictors and showed how to use it to search composition
and process space for microstructures with desired physical properties, proving the effectiveness of
closed-loop inverse design [9]. Ojih et al. used graph theory with graph neural networks to predict
crystalline structures in high throughput and screening in energy conversion and storage: candidate
lattices are represented as graphs and optimized by a GNN to discover stable and high-performance
structures at scale [10].

Xue and others developed the Materials Properties Prediction (MAPP) framework, which is based on
a previous GNN that concurrently predicts multiple physical properties (including formation energy
and band gap) on a crystal graph, which supports multi-objective optimization in materials databases
[11]. To further utilize physics information, Jia et al. proposed pre-training graph neural networks with
derivatives, demonstrating that training of GNNs to predict derivatives of energy (forces and stresses)
generates improved representations of force-fields and gains better downstream prediction of
properties than training GNNs to produce outputs [12]. Material property prediction was proposed
using an attention-enhanced architecture, SA-GNN, in which multi-head self-attention layers can learn
long-range interactions in crystal graphs and obtain better node embeddings, which can be used to
achieve higher accuracy compared to the traditional message-passing GNN baselines [13].

Teng et al. introduced MatGNet a crystal graph convolutional network based on Mat2Vec atomic
embeddings which trains on large crystalline datasets to predict a wide range of properties and show
that pretrained chemical word embeddings can be used with GNNs to generalize to unknown
substances [14]. In addition to these model-centric developments, a perspective article in Applied
Physics Letters explored re-engineering model-centric workflows and materials databases to the
machine-learning era, proposing standardized data schema, uncertainty metrics, and stronger
integration between DFT results and ML models to enable faster materials discovery [15].

3. PROPOSED MODEL:

The proposed Quantum-Informed Predictive Deep Graph Neural Network (QD-GNN) framework
consists of seven sequential stages that integrate quantum-mechanical information, graph-based
microstructure encoding, and learning-based optimization for energy material design.

Fig 1 combining the results of quantum-mechanical simulations with graph-based encoding of
microstructure to predictive property modeling and optimization. The framework does quantum-
structural feature fusion, message-passing learning, physics-supervised loss training, and
reinforcement-based material optimization. The final product has high-performance energy materials,
which are structurally, mechanically and electrochemically superior.

Step 1: Quantum-Mechanical Descriptor Generation

In the first stage, quantum-mechanical simulations (e.g., DFT) are used to extract physically grounded
descriptors for each candidate material or microstructural configuration. The electronic structure is
obtained by solving the Kohn—Sham equations:

ﬁKSd’n(r) = &,Pn (1) (1)

where Hygis the Kohn—Sham Hamiltonian, 1, (r)is the n-th orbital, and &,is the corresponding
eigenvalue (energy level).
The formation energy per atom is computed as:

Eiot — 2k Nicye
Eform = “ Z N (2)
k1Vk
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where E,is the total ground-state energy of the material, N is the number of atoms of element k, and
Ui 1s the reference chemical potential of element k.
Electronic properties such as bandgap are estimated as:

Egap = Ecgm — Evem (3)

where Ec-gyand Eypgydenote the conduction band minimum and valence band maximum, respectively.
The set {Eform, Egap, P(T), ... }forms the quantum descriptor vector for each structure.

Step 2: Microstructure Graph Construction

The microstructure of each material (crystalline or amorphous) is represented as an attributed graph
G = (V,E), where atoms or volume elements correspond to nodes, and chemical bonds or spatial
adjacency define edges.

The adjacency matrix Aof the graph is defined as:

4 = {1, if an edge exists between nodes i and j
v, otherwise

“4)

Each node iis associated with a structural feature vector x;™', capturing atomic number, coordination,

local environment, etc. These are arranged into a node feature matrix:

(Xitruct)T
struct\ T

xstruet — [(Xz : G RNxds (5)
(X%r'uct)T

where Nis the number of nodes and dis the dimensionality of structural features.
In addition, edge attributes encoding bond type, distance, or angular information are defined as:

€ij = feage(dij, 0j, bond_type, ) ©)

where d;is the inter-atomic distance and 6;jrepresents angular or orientation features.

Step 3: Quantum-Structural Feature Fusion

Quantum descriptors from Step 1 are fused with structural node features from Step 2 to build enriched
node embeddings. Let x?uambe the quantum descriptor vector assigned to graph Gand broadcast or
localized to node i. The raw fused feature vector for node i is:

z; = [x{™ || x™] (7)

where [- || -]denotes concatenation.
These fused features are projected into a common latent space using a learnable linear transformation
followed by a nonlinearity:

h{” = a(Wyz; + b)) (8)

where Wy € R4n*(@s*dq)and bs € R%are trainable parameters, dg4is the dimension of quantum
descriptors, dj,is the hidden dimension, and o (+)is an activation function (e.g., ReLU).
To stabilize training and improve convergence, batch or layer normalization is applied:

~ h{® — Hn
O =L 2
Joi+e
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where ppand ofare the mean and variance across the batch or graph, and €is a small constant for
numerical stability.

Step 4: Quantum-Informed GNN Message Passing

The core of QD-GNN is a stack of quantum-informed message-passing layers that propagate
information along the microstructure graph. For layer [, each node iaggregates messages from its
neighbors NV (i)as:

l =)
20 = S nGOE e a0)
JEN (D)

where ¢,,()is a learnable message function (e.g., MLP over concatenated node and edge features).
The node representation is then updated using:

1+1 =(l l
D = ) o
where ¢, (-)can be implemented as a gated update, GRU-style cell, or residual MLP.

Additionally, quantum-informed attention weights can be introduced to differentially weight neighbors
based on quantum descriptors:

ai(]l.) = softmax; (a’ LeakyReLU(Wa[Egl) I flj@ (IS ))) (12)

)

and the aggregation in (10) can be modified to a weighted sum using a; I thereby embedding quantum

relevance into the message passing.

Step 5: Graph-Level Readout and Multi-Property Prediction

After Lmessage-passing layers, node embeddings th)are pooled to obtain a graph-level representation
g for each microstructure. A permutation-invariant readout operator is used:

g=p(hY 1ievy (13)

where p(-)may be a combination of mean, sum, and max pooling, or an attention-based readout.
The pooled representation is passed through a prediction head to estimate target properties such as
ionic conductivity V...q4, €lastic modulus yg, or thermal stability y,:

y=W,g+b, (14)

where W,and b, are trainable parameters, and § € R for Ppredicted properties.
For multi-task scenarios, each property pcan be produced by a dedicated head or shared head with
masking:

yp = fp(g; G)p):p = 1F2F ---;P (15)

where f, (-)denotes the p-th prediction function with parameters ©,,.

Step 6: Physics-Guided Training Objective and Optimization

The QD-GNN is trained using supervised labels from either quantum simulations or experiments, with
an objective that combines data-driven loss and physics-oriented regularization. For a batch of
Bsamples, the supervised loss is:
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B

P
1
Lup=% Y D LGy —p)’ (16)
p=1
1

b=

where yj, »is the ground-truth value and A, controls the relative importance of each property.
A physics-consistency regularizer can penalize predictions that violate known bounds or
thermodynamic constraints. For example, if a property must remain within an admissible range

[Yminr ymax] .

P
1
phys = 5 Z max (0, ¥p — Ymax)* + max (0, Ymin — Ipp)* (17)
p=1
p=1

The total loss is then defined as:
L=Lyp+BLypys+y 11015 (18)

where fand yare regularization coefficients, and ®denotes all trainable parameters of the QD-GNN.
Optimization is performed via stochastic gradient descent or Adam.

Step 7: Reinforcement-Driven Microstructure Optimization

Beyond passive prediction, QD-GNN is embedded into an optimization loop that searches the
microstructure design space for configurations achieving target properties. A microstructure state
sgencodes the current structural and quantum descriptors, while an action a;modifies composition,
lattice parameters, or defect patterns.

The environment transition can be abstracted as:

Sts1 = T (Sp,at) (19)

where T (-)represents a surrogate simulation or rule-based update that produces a new candidate
structure. The reward function encourages movement toward desired property targets; for example, for
maximizing conductivity and maintaining stability:

7 = APeond (St11) — Ve — 8 max (0, Yinstap (Se41) — Yiresh (20)

where aand dweight performance and penalty terms. A policy mg(a; | s)is trained to maximize
expected cumulative reward using reinforcement learning:

T
b §+nVyEr, ) vn] e
t=0

where ¢are policy parameters, 7is the learning rate, yis the discount factor, and T'is the episode length.
QD-GNN serves as the fast property evaluator inside this loop, enabling efficient exploration of the
microstructure design space.
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Step 1:
Quantum-Mechanical Simulation
(DFT / MD / Electronic Properties)

Y

Step 2:
Microstructure Graph Construction
Nodes (atoms) + Edges (bonds)

A4

Step 3:
Quantum + Structural Feature Fusion

\i
Step 4:
Quantum-Informed GNN
(Message Passing + Attention)

Y

Step 5:
Graph-Level Readout
(Sum / Mean / Attention Pooling)

Experimental / Database
Benchmark Data

BT

Step 6:
Physics-Guided Training
Loss = Supervised + Physics + L2

Y
Step 7:
Reinforcement-Driven Optimization
Policy Search for Target Properties

Optimized Energy Material
(Performance Predictions)

Fig. 1. Proposed QD-GNN system architecture

4. RESULTS AND DISCUSSIONS

4.1 Dataset Description
The proposed QD-GNN framework was experimentally evaluated using a combined quantum—materials dataset
consisting of crystal structure files (CIF), DFT-simulated electronic properties, and experimentally validated
property values drawn from benchmark repositories such as Materials Project, OOMD, and JARVIS-DFT. The
final dataset includes 12,540 crystalline and amorphous energy materials, covering cathodes, electrolytes,
catalysts, and thermoelectric compounds. Each sample contains:

¢ Structural descriptors: atomic coordinates, bonding topology, lattice parameters, neighbor graphs.

e Quantum descriptors: formation energy (eV/atom), bandgap (eV), cohesive energy (eV), charge

density distributions.
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e Performance properties: ionic conductivity (S/cm), elastic modulus (GPa), thermal stability (°C).
The dataset was divided into 70% training, 15% validation, and 15% testing, ensuring no structure overlap
between sets.

4.2 Performance Comparison with Baseline Models

The proposed QD-GNN was compared against state-of-the-art deep learning models commonly used in
materials informatics, including CGCNN, MEGNet, SchNet, and MatDeepLearn. Table 1 shows comparative
performance for formation energy prediction.

Table 1. Performance Comparison of Prediction Accuracy

MAE RMSE 2 Inference Time
Model (eV/at R“Score
om) (eV/atom) (ms/sample)
CGCNN 0.084 0.121 0.88 9.5
MEGNet 0.078 0.109 0.90 11.3
SchNet 0.074 0.101 0.92 14.2
MatDeepLearn 0.069 0.098 0.93 13.6
Proposed QD-GNN 0.052 0.073 0.97 8.2

The results demonstrate that QD-GNN outperforms existing approaches, achieving:

e 19.7% lower MAE and 25.1% lower RMSE compared to MatDeepLearn,

o Highest prediction correlation R? = 0.97,

o Fastest inference time, enabling large-scale screening.
4.3 Multi-Property Prediction Results
Table 2 shows results for simultaneous prediction of three key properties: ionic conductivity, elasticity and
thermal stability.

Table 2. Multi-Property Performance Results

Ground-Truth | MAE (QD- RMSE (QD-
Property Range GN(N% GNI\(I()2 R
Ionic Conductivity (S/cm) 0.01 —13.2 0.41 0.62 0.95
Elastic Modulus (GPa) 6 —297 7.1 10.4 0.94
Thermal Stability (°C) 100 — 1420 26.5 38.3 0.92

The results confirm that QD-GNN generalizes well across diverse physical property predictions and handles
multi-target regression without performance degradation.
The superior performance of the proposed QD-GNN arises from:
e Fusion of quantum-derived descriptors with structural graph embeddings, enabling deeper
correlation learning than conventional graph-only models.
¢ Quantum-informed attention weighting, giving more importance to relevant electronic interactions.
e Physics-guided loss, preventing predictions from violating known material stability boundaries.
¢ Reinforcement-driven optimization, allowing guided exploration of material design space for specific
property targets.
The results show that QD-GNN is a powerful surrogate model that can be used to replace high-cost DFT
computations and speed up the process of discovering next-generation energy materials to be used in batteries,
fuel cells, and solid-state electrolytes. QD-GNN has shown a high potential in predicting microstructure-
property relations with much better accuracy, computational efficiency, and scalability than benchmark models,
enabling their use in Al-informed materials design processes in practice.

5. CONCLUSIONS

The presented Quantum-Informed Predictive Deep Graph Neural Network (QD-GNN) presents a new
method of accelerated discovery and performance optimization of materials of the next generation,
based on quantum-mechanical characterizations, graph encodings of microstructures, physics-
informed learning, and reinforcement-based optimization with the help of Al. The QD-GNN model
uses first-principles quantum simulation properties, including formation energy and electronic
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bandgap and charge density, unlike standard machine learning models and classical graph neural
networks, which rely mainly on empirical structural descriptors, which allows better insight into the
atom-level mechanism of action and increases predictive capability.

A large-scale dataset of 12,540 crystalline and amorphous energy materials was experimentally
evaluated to demonstrate that QD-GNN has state-of-the-art performance and achieves significantly
better results in MAE, RMSE, prediction correlation (R 2 ) than leading baselines like CGCNN,
MEGNet, SchNet, and MatDeepLearn. Also, the introduced reinforced optimization module allows to
refine the structure automatically, and direct materials to desired conductivity, stability, and
mechanical performance without having to spend a lot of money on iterative DFT calculations.

The performance measurements demonstrated that the framework can generalize across many types of
properties, as well as decrease the computation cost by many folds, thus allowing large-scale screening
to be done quickly to deploy the framework in battery systems, fuel cells, solid-state electrolytes,
thermoelectrics, and catalytic materials. The result suggests that QD-GNN can be used to bridge
physics-based modeling and data-driven learning to develop high-impact materials, being a
contribution to the worldwide improvement of sustainable energy technologies.

On balance, QD-GNN is a promising research avenue that can transform the way advanced materials
are designed, evaluated, and optimized and paves new avenues to scientific discovery progress and
engineering innovation.
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