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Multi-Agent AI Systems Enabling Autonomous Materials Innovations
|| T e+
ZIJEFRH (DeepVerse)

This talk introduces a paradigm shift in materials R&D through the deployment of
multi—-agent Al systems that autonomously drive innovation. Dr. Liu will present how
DeepVerse integrates adaptive Al with active learning and uncertainty quantification to
transform sparse, fragmented datasets into accelerated discovery pipelines. By
orchestrating Al agents across tasks such as hypothesis generation, experimental design,
and outcome interpretation, the system mimics and amplifies expert intuition at scale. The
presentation will highlight key technological challenges in materials development and
demonstrate how DeepVerse’ s proprietary tools deliver dramatic reductions in cost and
development time. Attendees will gain a forward—looking perspective on how autonomous,
multi-agent platforms are reshaping the future of materials science and how they can

partner with DeepVerse to lead this transformation.
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Detecting Deformation Mechanisms of Metals from Acoustic Emission Signals through

KnowledgeDriven Unsupervised Learning
THZ% (Xiangdong Ding)
P38 K% (Xi” an Jiaotong University)

Timely detection of deformation mechanisms in metallic structural materials is
essential for early-warning alerts on potential damages and fractures. Acoustic
emission (AE) technologies are commonly used for this purpose due to their non-
destructive nature. However, traditional methods often struggle with distinguishing
AE signals associated with multiple co—existing deformation mechanisms. To address
this challenge, we propose a knowledge—driven unsupervised learning approach. The
novel method leverages a family of gradient—-driven supervised base learners and
integrates them with a knowledge—infused aggregate loss function, effectively
transforming the approach into an unsupervised learning framework. Compared to
existing methods, our approach excels in identifying co—existing deformation
mechanisms associated with AE signals. Experiments on porous 316L stainless steel
during tensile process show that the avalanche statistics of the identified
dislocation and crack AE signals align closely with classical statistical methods and
fracture theory. By integrating with the avalanche theory, our proposed approach can
continuously monitor material deformation mechanisms in real-time and provide dynamic
early failure  warnings. Additionally, the  framework  demonstrates strong
transferability in recognizing multiple co—existing deformation mechanisms in new

materials, leveraging its unsupervised learning capability.
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[1] Tian S, Jiang X, Wang W, et al. Steel design based on a large language model[J]. Acta Materialia, 2025, 285:
120663.

[2] Jiang X, Wang W, Tian S, et al. Applications of natural language processing and large language models in
materials discovery[J]. npj Computational Materials, 2025, 11(1): 79.

TIEHAER: jiangxue@ustb.edu.cn, 13581997167.
" EIEE: yisu@ustb.edu.cn.
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[1] DeepH: H. Li, et al. Nature Computational Science 2, 367 (2022)

[2] DeepH-E3: X. Gong, et al. Nature Communications 14, 2848 (2023)

[3] xDeepH: H. Li, et al. Nature Computational Science 3, 321 (2023) Cover story

(4] DeepH-DFPT: H. Li, et al. Physical Review Letters 132, 096401 (2024) Editors’
suggestion

[5] MagNet: Z Yuan, et al. Quantum Frontiers 3, 8 (2024)

[6] DeepH-hybrid: Z. Tang, et al. Nature Communications 15, 8815 (2024)

[7] DeepH-2: Y. Wang, et al. arXiv:2401.17015

[8] DeepH-PW: X. Gong, et al. Nature Computational Science 4, 752 (2024)
[9] DeepH-UMM: Y Wang, et al. Science Bulletin 69, 2514 (2024) Cover story

[10] DeepH-Zero: Y. Li, et al. Physical Review Letters 133, 076401 (2024) Editors’
suggestion
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Symmetry Aware Generative Models for Crystals: From Latent Space to the Lab Synthesis
Zekun Ren#

Berkeley Education Alliance for Research in Singapore

Generative models are rapidly reshaping inorganic crystal discovery by shifting
the focus from “screening what exists” to “imagining what could.” T will survey the
recent progression of crystal generators—FTCP, WyCryst, WyFormer, and Dis—CSP—and
show how each step addresses a key bottleneck on the road from latent space to
laboratory reality

FTCP introduces an invertible, real- + reciprocal-space representation that
couples a variational auto—encoder to a property-regression branch, giving a
probabilistic latent space from which crystals with user—specified formation energy,
band gap, or thermoelectric power factor can be directly decoded and DFT-validated.
WyCryst pioneers’ symmetry—aware tokenisation of Wyckoff sites; WyFormer refines
this idea with a Transformer that generates diverse, symmetry—consistent structures
without explicit atomic coordinates, achieving higher novelty and comparable accuracy
to coordinate—based methods. Extending beyond ordered phases, Dis—CSP is the first
model to encode partial occupancies equivariantly, enabling generative exploration of
the >50 % of ICSD for which disorder is intrinsic

Closing the loop, 1 will present an autonomous workflow that screens latent
candidates for synthesizability, plans reactions, and performs rapid
synthesis. This pipeline produced the previously unreported metal-deficient spinel
7ZnV0s and two Y-Mo—0 phases close to the model’ s YMoOs target, validating the
practical value of generative predictions

Despite these advances, major hurdles remain: sparse thermodynamic data for
disordered systems, the kinetic blindness of current retrosynthesis planners, and
limited resolution in diffraction/elemental analyses for partially disordered or
multiphase products. Addressing these issues—through richer disorder databases,

9
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high—throughput ab—initio thermodynamics, and next—generation in—-situ
characterization—will be crucial for turning generative inspiration into reliably
synthesized, application—ready materials
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Al-aided Energy Material Design
Lei Shenx

National University of Singapore

Materials are the cornerstone of technological development, and new materials are
the foundation and driving force of technological revolutions. Energy materials
including catalytic materials, battery materials, and superconductors, are important
for the energy conversion, energy storage, and energy transport. However, identifying
high-performance energy materials from among hundreds of thousands of existing
candidates presents a formidable challenge. At such a vast scale, traditional
experimental approaches and quantum—mechanics—based computational methods become
impractical. With the advancement of artificial intelligence, machine learning has
demonstrated remarkable capabilities in materials discovery, particularly in the
design and discovery of new materials. In this talk, I will present some of our
recent work on Al-assisted design of energy materials
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Bgolearn: An End-to—End Active Learning Framework for Materials Optimization
Bin Caox, Tong-Yi Zhang
The Hong Kong University of Science and Technology (Guangzhou)

Materials discovery and optimization require efficient exploration of vast
compositional and processing spaces, yet traditional high—throughput experiments and
trial-and-error methods remain time— and resource—intensive. We present Bgolearn, an
open—source, end-to—end active learning framework designed to accelerate materials
optimization. Bgolearn seamlessly integrates data management, surrogate modeling,
acquisition—function - driven candidate selection, and experimental feedback into a
closed—loop workflow. At its core, it employs a flexible Bayesian optimization engine
based on Gaussian process regression, enabling rigorous uncertainty quantification.
The framework allows users to plug in custom surrogate models, acquisition strategies,
and constraint—handling mechanisms to meet specific research needs. Through its
interface, BgoFace, Bgolearn unifies computational predictions and experimental
measurements within a single workflow. We demonstrate its effectiveness in three
materials science applications: improving the strength and ductility of lead—free
solder alloys, achieving high nitric oxide concentrations in nanozyme systems, and
designing highly active, acid-stable oxygen evolution reaction catalysts. Bgolearn is
freely available at https://github. com/Bin—Cao/Bgolearn, along with comprehensive
documentation, tutorials, and example workflows.
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Al-guided domain knowledge-based design of alloys with a record-high combination of
tensile ductility and yield strength

Yasir Sohail=*

Xi’an Jiaotong University, Xi’an, China
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The pursuit for strong-yet—ductile alloys has been ongoing for centuries. However,
for all the alloys developed thus far, including recent high—entropy alloys, those
possessing good tensile ductility rarely approach 2 GPa yield strength at room
temperature. The few that do are mostly ultrastrong steels; however, their stress-—
strain curves exhibit plateaus and serrations, as their tensile flow actually suffers
from plastic instability (such as Luders strains), and the elongation is pseudo-
uniform at best. Here we report that a group of carefully engineered multi-principal-
element alloys, with a composition of Fe35Ni29Co021A112Ta3 designed via domain-—
knowledge informed machine learning, can be processed to reach an unprecedented range
of simultaneously high strength and ductility. An example of this synergy delivers
1.8 GPa yield strength combined with 25% truly uniform elongation. We achieved the
strengthening by pushing microstructural heterogeneities +to the extreme, via
unusually large volume fractions of not only coherent L12 nanoprecipitates but also
incoherent B2 microparticles. The latter, being multi—component with a reduced
chemical ordering energy, is a deformable phase that accumulates dislocations inside
to help sustain a high strain hardening rate that prolongs uniform elongation.
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High—throughput Methods for Fabricating Low—dimensional Carbon Nanomaterials on Metal
Surfaces

Jiayi Lu', Chanyu Li’,Hao Jiang', Zhiwen Zhu',Qiang Sun*"’
1. Materials Genome Institute, Shanghai University

2. Qianweichang College, Shanghai University

The rapid discovery and optimization of low—dimensional carbon—based
nanomaterials demand high—throughput experimental strategies that can efficiently
explore vast compositional and structural spaces. In this talk, I will present our
recent advances in the high—throughput fabrication of surface—supported molecular
networks, including supramolecular hydrogen bonding assemblies, metal-organic
frameworks (MOFs), and high—entropy molecular systems on metal substrates. By
integrating physical masking techniques into ultra-high vacuum (UHV) deposition
setups, we demonstrate spatially addressable preparation of sample libraries with
continuous gradients of molecular or metallic components. Notably, a rotational mask
inspired by Venn diagrams enables combinatorial deposition of multiple ligands,
offering a unique route for high—throughput exploration of high—entropy molecular
networks. These libraries enable systematic exploration of molecular stoichiometries
and coordination environments on a single substrate. High-resolution scanning probe
microscopy reveals diverse structural motifs, from ordered assemblies to disordered
high—entropy networks. Graph—theoretical analyses and computational simulations
further provide insights into structure—property relationships and entropy—driven
behaviors. The demonstration of high—throughput methods offers a robust platform for
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accelerating the discovery of functional low—dimensional carbon nanomaterials with
tailored properties for future applications in electronics, catalysis, and molecular
devices.
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SimXRD-4M: Big Simulated X-ray Diffraction Data and Crystal Symmetry Classification
Benchmark

Bin Caox,Yang Liu, Zinan Zheng, Ruifeng Tan, Jia Li, Tong-Yi Zhang
The Hong Kong University of Science and Technology (Guangzhou)

Powder X-ray diffraction (XRD) patterns are highly effective for crystal
identification and play a pivotal role in materials discovery. While machine learning
(ML) has advanced the analysis of powder XRD patterns, progress has been constrained
by the limited availability of training data and established benchmarks. To address
this, we introduce SimXRD, the largest open—source simulated XRD pattern dataset to
date, aimed at accelerating the development of crystallographic informatics. We
developed a novel XRD simulation method that incorporates comprehensive physical
interactions, resulting in a high—fidelity database. SimXRD comprises 4,065, 346
simulated powder XRD patterns, representing 119,569 unique crystal structures under
33 simulated conditions that reflect real-world variations. We benchmark 21 sequence
models in both in-library and out-of-library scenarios and analyze the impact of
class imbalance in long-tailed crystal label distributions. Remarkably, we find that:
(1) current neural networks struggle with classifying low-frequency crystals
particularly in out—of-library situations; (2) models trained on SimXRD can
generalize to real experimental data.
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Automated production of batched unclonable micro—patterns anti—counterfeiting labels
with strong robustness and rapid recognition speed

Yuzheng He', Zunshuai Zhang', Yifei Xing', Zhiyuan Lang', Jinbo Wu’, Jiong Yang*'

1. Materials Genome Institute, Shanghai Engineering Research Center for Integrated Circuits and
Advanced Display Materials, Shanghai University

2. Faculty of Materials Science, Shenzhen MSU-BIT University

Anti-counterfeiting technologies are indeed crucial for information security and
protecting product authenticity. Traditional anti—counterfeiting methods have their
limitations due to their clonable nature. Exploring new technologies, particularly
those based on pixel-level textures is a promising avenue to address the clonable
issue due to high encoding capacity. However, research in this field is still in its
early stage. This work introduces a new fluorescent anti—counterfeiting label
technology with four key characteristics: efficient laser etching, high—throughput
fabrication and segmentation, robustness aided by data augmentation, and an
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exceptionally high recognition speed. To be specific, the etching achieves a speed of
1,200 labels/3s, the high throughput yields a rate of 2,400 labels/4 min, and a total
count of about 5.2X10"' labels. The number of labels is further augmented to about
5.2X10° by implementing arbitrary rotation and brightness variation to enhance the
robustness in the recognition procedure. We divide these labels into 44 categories
based on differences 1in patterns. Utilizing machine learning methods, we have
achieved a total recognition (including extraction and search process) time per label
averaging 421.96 ms without classification, and 40.13 ms with classification.
Specifically, the search process with classification is nearly fiftieth times shorter
than the non-classification method, reaching 8.52 milliseconds in average. The
overall recognition time is much faster than previous works, and achieve an accuracy
over 98.7%. This work significantly increases the practical significance of pixel-
level anti—counterfeiting labels
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Physics—guided deep learning strategy for 2D structure reconstruction from
diffraction patterns

Rong Fu"’, Tianhao Su', Yue Wu',Musen Li"’ Runhai Ouyang', Shunbo Hu',Michael Cortie’, Danica
Solina’, Zhongming Renx', Tongyi Zhang

1. Shanghai University

2. University of Technology Sydney

Two—dimensional (2D) materials have garnered significant attention due to their
tunable electronic and optical properties and exceptional mechanical performance.
Reconstructing 2D structures from diffraction patterns without prior assumptions or
comprehensive knowledge is challenging, especially for heterogeneous stacking and
quantum 2D materials. Here, we introduce DD2D (diffraction pattern deep—
reconstruction 2D structures), a physics—guided deep learning method that predicts 2D
structures directly from diffraction patterns. DD2D employs a twin—tower framework,
integrating a crystallographic geometric encoder and a site texture encoder, and uses
a self-attention mechanism to identify intrinsic correlations in physical information
and corresponding areas in the diffraction pattern. The results demonstrate high
anti—interference, robust recognition capabilities, reliable interpretability, and
prediction accuracy of up to 99.0% highlighting its potential for future 2D
materials discoveries.
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Decoding synergistic residue interactions in mussel-inspired adhesives through
machine learning—enhanced molecular dynamics

Binchen Dux

China University of Petroleum (East China)
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Adhesion mechanisms in marine mussels have inspired the development of
bioinspired adhesives, particularly due to the unique properties of proteins enriched
with 3,4-dihydroxyphenylalanine. Despite advancements in synthetic catechol-based
polymers, their performance in wet environments remains limited, indicating that a
deeper understanding of the synergistic interactions among amino acids is needed
Here we show that by integrating molecular dynamics simulations and machine learning,
significant insights into the adhesion properties of mussel-derived peptides can be
gained, leading to the formulation of the “seesaw effect.” This concept elucidates
the roles of end-group dynamics, side—chain interactions, and steric constraints in
peptide adhesion. Our findings reveal that non-DOPA-rich peptides can achieve
adhesion strengths comparable to those of their DOPA-rich counterparts, challenging
traditional notions that emphasize catechol groups as essential for adhesion. This
work not only enhances our understanding of natural adhesion mechanisms but also
establishes a foundation for the rational design of functional peptides with tailored
adhesive properties, advancing the field of biomimetic materials.
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Development of a Coarse—-Grained Model for Heavy 0il Systems Based on Machine Learning
Haiyang Li=*
China University of Petroleum (East China)

As a crucial unconventional petroleum resource, heavy oil is characterized by its
high density, elevated viscosity, and poor flowability, which significantly impede
extraction efficiency. Understanding the viscosity mechanisms and developing
effective viscosity reducers are pivotal for heavy oil wutilization. Conventional
experimental approaches exhibit inherent limitations in microstructure
characterization and mechanistic interpretation, whereas molecular dynamics (MD)
simulations offer a novel paradigm for heavy oil research due to their unique
capability in microscopic analysis. However, current all-atom simulations are
constrained by computational scale limitations, while existing coarse—grained (CG)
methods demonstrate inadequate accuracy in characterizing aromatic condensed-ring
structures, necessitating the development of high—precision CG models to overcome
this technical barrier. Herein, we develop a systematic coarse—graining methodology
framework for heavy oil, wusing five representative structural units as the
fundamental building blocks for model construction. Using radial distribution
functions obtained from all-atom MD simulations as key optimization targets, we
innovatively integrate particle swarm optimization (PSO) with Bayesian optimization
(BO) methods to precisely fit Lennard-Jones potential parameters for CG beads
Through comprehensive comparative analysis with the mainstream MARTINI force field,
our model demonstrates superior performance in both structural characterization
accuracy and dynamic behavior prediction for heavy oil systems. The developed CG
model provides critical technical support for elucidating viscosity mechanisms and
designing efficient viscosity-reducing molecules, thereby facilitating breakthroughs
in enhanced heavy oil recovery technologies
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GasSes—based Ovonic Threshold Switching selector for high—density memory applications
Haotian Wang, Wei Renx
Shanghai University

The increasing demand for high—density and high—speed memory systems, driven by
big data and artificial intelligence, presents significant challenges for current
information storage architectures, particularly in 3D stacking technologies. Selector
devices with low leakage current and high thermal stability remain a critical
limitation. This study investigates Gas:Se; as a simple binary Ovonic Threshold
Switching (0TS) material through advanced fabrication, characterization, and first-—
principles simulations. Our key findings demonstrate that Ga.Se; exhibits exceptional
low leakage current (~8 nA), thermal stability (up to 400° C), excellent performance
at dimensions as small as 60 nm, and fast switching speed (~10 ns). These results,
combined with insights into 1its electronic state localization and bonding
characteristics, position Ga:Se; as a promising candidate for next—generation high-
density storage and computing technologies
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The Impact of Silicon Doping on the Structure and Dielectric Properties of Hf02
Yingtao Yang,Wei Renx*
Shanghai University

Tetravalent dopant elements (zirconium and silicon) of hafnium dioxide (HfO,) has
significant effect on the relative stability and dielectric properties of different
crystal  phases (monoclinic, cubic, tetragonal, and  orthorhombic). First-
principles calculations indicate that an increase in the doping concentration of the
Zr atoms leads to a linear trend in the energy and dielectric constant of the
different phases of Hf0,. On the contrary, first-principles calculations reveal that
Si dopant in HfO. induces local SiO. quartz—like tetrahedral ordering when Si-Si
distances reach 4.991 A, stabilizing the tetragonal phase Hf,Si—x0. with a dielectric
constant of 32.12. This phenomenon can be explained by structural changes and
charge transfer mechanisms, demonstrating dopant spatial distribution as a critical
design parameter for high—x dielectrics. This study provides a theoretical basis
and guidance for the development of a new generation high—performance dielectric
materials.
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Inverse design and classification of topological materials using deep learning
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Tao Hong', Jingchang Sun"’, Tongyi Zhang"’,Wei Ren"™’,Guixin Cao*"’
1. Materials Genome Institute, Shanghai University, Shanghai 200444, China
2. QianWeiChang College, Shanghai University, Shanghai 200444, China

3. Shanghai Engineering Research Center for Integrated Circuits and Advanced Display Materials,
Shanghai University, Shanghai 200444, China

Topological materials possess unique electronic properties that are of great
interest for both fundamental research and advanced technological applications
However, conventional computational approaches face limitations in efficiently
discovering novel topological phases. In this study, we present a comprehensive deep
learning—based framework for the inverse design and classification of novel
functional topological materials. Our proposed pipeline, CIMT, integrates CDVAE for
crystal structure generation, Topogivity for topological feature embedding,
interatomic potentials (IAPs) via M3GNet for stability assessment, and Topological
Quantum Chemistry (TQC) for topological validation. Complementing this is TopoGNN, a
graph neural network classifier that determines the topological types with state—of-
the—art accuracy. Together, this integrated approach enables an end-to—end workflow—
from generating candidate structures to verifying their stability and topological
nature. Using this method, we successfully identify four topological insulators and
sixteen topological semimetals, including chiral Kramers—Weyl fermion semimetals and
low—symmetry chiral systems, which were previously challenging to characterize. These
findings demonstrate the power of data—driven methods in accelerating the discovery
of advanced topological materials and underscore the potential of machine learning in
modern materials design.
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Microstructure Generation of Ni-based Single—crystal Superalloys via Composition—
Conditioned Diffusion Models

Yingying Ma', Wenyue Zhao*"’ Mingzhe Li’,Yi Ru“’,Huibin Xu"’
1. Tianmushan Laboratory, Beihang University, Hangzhou 311115, China
2. School of Materials Science and Engineering, Beihang University, Beijing 100191, China

3. Research Institute of Aero—Engine, Beihang University, Beijing 102206, China

The microstructure of Ni-based single-crystal (SX) superalloys serves as a
critical 1link connecting their alloy composition to intrinsic/service mechanical
properties (e.g., creep resistance). However, high experimental costs and data
confidentiality concerns in the Ni—based SX superalloy field severely restrict access
to publicly available experimental microstructure images, hindering progress in
image—based machine learning research. Recently, diffusion models have emerged as a
powerful approach for microstructure generation in diverse material systems, offering
an effective means for large—scale microstructure acquisition. This study focuses on
a multi—-dimensional composition—guided microstructure generation  framework.
Leveraging a phase—field-simulated dataset capturing microstructural evolution in
ternary Ni—-Al-Mo alloys aged at 1473 K, we develop a composition—conditioned
denoising diffusion implicit model (DDIM) with accelerated sampling capabilities. In
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the architectural design of diffusion models for Ni-based SX superalloy
microstructures, composition conditions are fused via cross—attention mechanisms,
with Diffusion Transformers (DiTs) replacing the conventional U-Net backbone

Experiments comprehensively assess generation performance using both computer vision
metrics (FID, LPIPS) and microstructural spatial statistics (one—point statistics,

two—point correlation functions, and higher-order statistics). Results demonstrate
that microstructures generated by our framework exhibit significantly superior
morphological fidelity and compositional correlation compared to the baseline models
in this study. To investigate generation quality variations under different
composition conditions, we employ DensMap to quantify the local density of points in
the composition space, characterizing the density level of neighboring composition
distributions. We analyze the correlation between this density and generation quality,
and thereby devise improvement strategies for low—density regions. This study offers
new insights into the wuse of conditional diffusion models for microstructure
generation and prediction.
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Data—driven compositional and structural design in high—entropy materials
Wenyi Huox*
National Centre for Nuclear Research Poland

The vast compositional space and complex phase behavior of high—-entropy materials
(HEMs) present both opportunities and challenges for rational materials design.
Traditional trial-and—error approaches are often inefficient in navigating this
multidimensional space. Recent advances 1in data—driven methods, e.g., density
functional theory and machine learning, offer powerful tools to accelerate the
discovery and optimization of HEMs with tailored properties. In this invited
presentation, I will introduce a data-driven framework for the compositional and
structural design of HEMs. Several case studies will be presented, including the
design of Co—free high—entropy alloys and the prediction of defect structures in
high—entropy ceramics. This approach not only enables rapid screening of candidate
materials but also provides deeper physical insights into the underlying mechanisms
that control structure - property relationships in complex alloys. The results
highlight the potential of combining computational tools with experimental validation
to accelerate the development of next—generation advanced materials.
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[1] Qi Wang#*, L.F. Zhang, Z.Y. Zhou and H. B. Yuk. Science Advances, 10:
eadk2799 (2024).

[2] Qi Wang* and L.F. Zhang. Nature Communications, 12: 5359 (2021).

[3] Qi Wang* and A. Jain. Nature Communications, 10: 5537 (2019).
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InvDesFlow—AL: Active Learning-based Workflow for Inverse Design of Functional
Materials

Xiao—Qi Han, Peng-Jie Guo, Ze-Feng Gao, Hao Sun, Zhong—Yi Lux*
Renmin University of China

Developing inverse design methods for functional materials with specific
properties is critical to advancing fields like renewable energy, catalysis, energy
storage, and carbon capture. Generative models based on diffusion principles can
directly produce new materials that meet performance constraints, thereby
significantly accelerating the material design process. However, existing methods for
generating and predicting crystal structures often remain limited by low success
rates. In this work, we propose a novel inverse material design generative framework
called InvDesFlow—AL, which is based on active learning strategies. This framework
can iteratively optimize the material generation process to gradually guide it
towards desired performance characteristics. In terms of crystal structure prediction,
the InvDesFlow—AL model achieves an RMSE of 0.0423 A, representing an 32.96%
improvement in performance compared to existing generative models. Additionally,
InvDesFlow—AL has been successfully validated in the design of low—formation—energy
and low—Ehull materials. It can systematically generate materials with progressively
lower formation energies while continuously expanding the exploration across diverse
chemical spaces. Notably, through DFT structural relaxation validation, we identified
1,598, 551 materials with Ehull< 50 meV, indicating their thermodynamic stability and
atomic forces below le—4 eV/A. These results fully demonstrate the effectiveness of
the proposed active learning—driven generative model 1in accelerating material
discovery and inverse design. To further prove the effectiveness of this method, we
took the search for BCS superconductors under ambient pressure as an example explored
by InvDesFlow—AL. As a result, we successfully identified Li.Auls as a conventional
BCS superconductor with an ultra—high transition temperature of 140 K. This discovery
provides strong empirical support for the application of inverse design in materials
science.
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Rational Design of Microwave Dielectric Materials from First—principles Calculation
and Machine Learning

Yabei Wu,Wenqing Zhang*
B TR R

Microwave dielectric materials are crucial in modern communication systems,
driving the development of compact, high—performance devices. Tungsten—bronze—type
materials, such as BaesREs2Tin0ss (RE = rare earth elements), stand out due to their
high dielectric constant, low loss, and tunability, making them promising candidates
for future microwave applications. However, the complexity of these materials, with

unit cells containing numerous atoms, poses significant challenges for theoretical
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modeling and property prediction, often requiring extensive computational resources.
To address these challenges, we have employed an elemental—unit decomposition (EUD)
technique, which effectively reduces the computational effort needed for predicting
properties of such complex systems. This approach not only enhances the accuracy and
efficiency of first-principles calculations but also facilitates the prediction and
design of advanced microwave dielectric materials that would otherwise be difficult
to explore through conventional computational methods. Complementing these efforts,
machine learning techniques, particularly the Sure Independence Screening and
Sparsifying Operator (SISSO) method, have been applied to investigate the structure-
property relationships in inorganic oxide microwave dielectrics. By constructing
white—box models, the SISSO method has achieved remarkable accuracy, with R® values up
to 0.8 for predicting dielectric constants of quaternary materials. Furthermore, a
strategy to merge ternary and quaternary datasets has been proposed to tackle the
issue of data scarcity in machine learning, offering a more unified and interpretable
model for understanding the origins of dielectric properties. These integrated
computational and machine learning approaches provide valuable insights for the
rational design of microwave dielectric materials with tailored dielectric properties

References:

1 . Yabei Wu, Peihong Zhang*, Wenqing Zhang*, Advancing first-principles
dielectric property prediction of complex microwave materials: An elemental unit-
based approach. npj Computational Materials 10, 179 (2024).

2. Ye Sheng', Yabei Wu"", Chang Jiang', Xiaowen Cui, Yuanging Mao, Caichao Ye,
Wenging Zhang®, Interpretable model of dielectric constant for rational design of
microwave dielectric materials: A machine learning study. Journal of Materials
Informatics 5, 7 (2025) [Cover]
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AI-Driven Discovery of Optically Transparent Terahertz Absorbers via High-Throughput
Ionogel Synthesis and Machine Learning

Yulin Zhang, Jianwei Zhangs
National University of Defense Technology

Over the past decade, automation in materials experimentation has significantly
enhanced reproducibility, reliability, and cost—efficiency. Integrating automation
with machine learning (ML) accelerates advancements in material synthesis and
structure—property relationships. This work presents an automated platform for high-
throughput synthesis of ionogel polymers, featuring a robotic workstation with high-
precision powder dispensing (<0.05 mg) and liquid handling (<1 droplet), alongside
capabilities for homogenization, degassing, molding, and UV/thermal curing. To
navigate the vast ionogel compositional space, we developed a data—driven molecular
strategy. Analysis of 92 experimental datasets for electromagnetic absorption and
mechanical properties. Rigorous feature selection combined top computational features
with expert knowledge to identify key polymer/ionic liquid systems via optimized ML
models. Subsequent tri-objective Bayesian optimization (electromagnetic absorption,
mechanical properties, visible light transmittance) rapidly converged within five
iterations, vyielding high—performance ionogel terahertz absorbers. The optimized
material achieved an average reflection loss of —27.07 dB (99.76% absorption) over
0.15-0.75 THz and 87.88% visible light transmittance at 1 mm thickness. This study
demonstrates the powerful synergy of automation, high—throughput data generation, and
ML for accelerated discovery and optimization of advanced functional materials
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Inverse design of broadband electromagnhetic absorption for laminated composites based
on data—driven predictive model and progressive Bayesian optimization
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Naifeng Yang=
National University of Defense Technology

With the development of radar detection technology, a superior broadband
electromagnetic (EM) absorption ability of laminated composites should be designed.
However, the rational design of EM property generally relies on the professional
knowledge and requires considerable efforts. Here, we present a data—driven machine
learning (ML) framework joint with a progressive Bayesian optimization (PBO)
algorithm to realize the inverse design of broadband EM absorption. Specifically, a
predictive model was trained iteratively to approximate the reflection loss (RL) of
variable ply configurations, which has obtained a desirable robustness and
generalization ability. Compared to traditional optimization, the PBO-ML framework
without any prior knowledge designs a gradient ply configuration with ~20% broader
effective absorption bandwidth (EAB) due to improved impendence matching. And a
serious of similar gradient designs were observed during iterative process, which
demonstrates our framework is able for exploring the EM absorption mechanism.
Furthermore, this framework is parameter—free, which can be employed in other
material system with laminated structure for the inverse design of EM property.
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We present material screening and machine learning modeling to accelerate the
discovery of promising photocatalytic and photovoltaic candidates in Janus III-VI vdW
heterostructures. A comprehensive database with a total of 19926 heterostructures has
been proposed according to the high—throughput first-principles calculations. It is
highlighted that we develop an accurate machine learning model using only atoms and
bonds as descriptors based on the crystal graph convolutional neural network
framework. Besides, 1035 Janus III-VI vdW heterostructures have been screened out
according to the essential criteria of stability. Moreover, we find 66 and 71
potential candidates for photocatalysis and solar cells, respectively, from further
application-driven screening. Interestingly, the screened type—II SelnAlS/ SeGaAlTe
heterostructure with a band gap of 1.18 eV is highlighted as an internal electric
field-driven asymmetrical photocatalyst. On the other hand, the type-II A12STe/A12SSe
heterostructure solar cell presents power conversion efficiencies higher than 21%
both from the microscopic and mesoscopic point of views.
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Cesium—based all-inorganic halide perovskites have shown excellent photovoltaic
properties. However, phase stability and transformations in different polymorphs
remain rather poorly understood. Here, we investigate the cohesive, electronic
properties and structural instabilities of CsBIs (B=Pb, Sn, and rare—earth elements)
based on first—principles density—functional theory (DFT) calculations and machine
learning algorithm. Care has been taken to choose density functionals and zero—point
vibrational effects have been included by performing phonon calculations. In
particular, we compare different van der Waals (vdW) corrections to the DFT
approaches. Our results demonstrate that nonlocal many-body dispersion interactions
play a vital role in predicting the cohesive properties and phonon spectra of halide
perovskites studied here. Furthermore, we find the anharmonicity cannot be neglected
in order to correctly predict the phase stability and transitions of polymorphs. We
stress that both nonlocal many-body dispersion and full anharmonic terms should be

considered for accurate studies of such type of materials.

Keywords: Halide perovskites; Density—functional theory; van der Waals interactions;

Structural instabilities; Many—-body dispersion
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Artificial Intelligence Navigated Development of High—Performance Electrolytes for
Next Generation Magnesium Batteries

Yao Liux

Fuzhou University
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Traditional trial-and-error methods are inefficient and costly for discovering
novel electrolytes, including magnesium (Mg), essential to developing next—generation
metalbased batteries. To advance the development, this work establishes, for the
first time, a criterion for screening practical electrolytes using an artificial
intelligence approach and a molecular database, offering the potential to
revolutionize traditional electrolyte design principles. A total of 823 solvent
molecules are generated using a self-developed matrix engineering algorithm, and
their corresponding physicochemical properties are systematically analyzed through
various machine learning (ML) models. LUMO, ALUMO, ESPmin, ESPmax, and Eb are
identified as the most critical parameters and selected as the primary screening
criteria. As a result, 18 target molecules are identified through statistical
analysis and comparison of the physicochemical properties of the solvents. Two new
solvents, abbreviated as DMP and DOX, are randomly selected and experimentally
validated. The results demonstrate that DOX can significantly improve the
electrochemical performance of the Mg boron-based electrolyte, i.e., Mg[B(hfip).ls,
even compared to the commonly used DME. At a current density of 1.0mAcm”’, the average
Coulombic efficiency for Mg plating/stripping reaches 99.54% after 5200 cycles. As
presented, this paper begins with the molecular physicochemical properties, and
develops a streamlined methodology for rapidly screening potential electrolytes for
Mg batteries through reducing the pool from 823 to 18 candidates and improving
efficiency by nearly 50-fold. It is worth noting that this methodology is not limited
to the theoretical guidance for the development of Mg batteries, but can also to
explore other battery systems.
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Theoretical Insights into Defect Engineering for Enhanced properties in Glass—
Ceramics Scintillators

Ci Wang, Chunli Fan,Jing Renx
Harbin Engineering University

This work explores theoretical strategies to enhance scintillation in glass-—
ceramics through band gap and defect engineering, which show promise for radiation
detection and imaging due to their tunable properties. Here, band gap engineering
entails the precise alignment of the material’s electronic structure with incident
radiation, while the synergistic effects of doping aim to suppress defects and
optimize defect types and concentrations for efficient radiative recombination.
Furthermore, the study investigates the intrinsic defect properties in scintillators,
providing a theoretical foundation for donor—acceptor pair recombination processes.
In summary, this work highlights the importance of theoretical insights in optimizing
scintillation in glass—ceramics through band gap and defect engineering, with
potential applications in radiation detection and imaging
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Futectic high—entropy alloys (EHEAs) leverage multiphase eutectic microstructures
to achieve exceptional castability and mechanical properties. However, their inherent
heterogeneity often leads to micro—galvanic corrosion, limiting practical utility in
aggressive environments. Conventional alloy design approaches struggle to navigate
the vast compositional space of EHEAs, necessitating the development of innovative
strategies to balance performance trade—offs effectively. The present work proposes a
hybrid approach that combines machine learning (ML) techniques and uncertainty
quantification, with corrosion expertise to rapidly identify corrosion-resistant
EHEAs. This yields the novel AlCoCrFeNil.7 EHEA, which shows a 33.3% improvement in
toughness and 58.97% increase in pitting corrosion resistance compared to the
benchmark AlCoCrFeNiZ2.1 EHEA. The integration of ML techniques with materials science
expertise provides a generalizable framework for designing multifunctional alloys.
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