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Machine learning discovers a new class of
ferromagnetic quasicrystals, accelerating
magnetic material development.

MLIPs struggle with atomic partial charges,
impeding high-precision simulation of
non-covalent interactions.

Firefly-Geni, an autonomous LLM framework,
generates novel TADF molecular candidates for
efficient OLEDs.

Human-LLM collaboration discovers novel 1D
perovskite Ba3PtO5, accelerating materials
synthesis and discovery.

ML designs biomedical high-entropy alloys for
additive manufacturing, selecting optimal Zr
alloys from 15 million.

Quandela's spin-optical quantum computer
simulates Fermi-Hubbard systems in ~2 hours,
accelerating quantum materials science.

Tohoku University's 'ChatHEA' LLM-experimental
framework discovers a fuel cell catalyst
outperforming commercial Pt/C.

Argonne's 'ChemGraph' framework uses LLMs
and GNNs to automate computational chemistry
and materials science simulations.

UB develops millisecond-scale nanoparticle
catalyst synthesis, targeting automated
Al-integrated development.

Japan accelerates semiconductor industry
reconstruction for Al era, driven by Micron
investment and material expansion.

Japan's Kao and Ajinomoto boost semiconductor
material production amid surging Al chip
demand.

LG AI's 'EXAONE Discovery' LLM finds new hair
growth ingredient and immersion coolants,
accelerating R&D.;

India and Japan announce $69 billion AI and
semiconductor investment, strengthening supply
chain resilience.

Review highlights LLMs, MLIPs, and autonomous
labs revolutionizing materials discovery and
design.

Low | Yellow highlight = featured article
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I Three Questions That Demand Your Decision This Week

@ How quickly can your R&D; integrate advanced AI/LLM platforms?

Google Cloud, Argonne (ChemGraph), and LG AI (EXAONE Discovery) are launching platforms dramatically
accelerating material design and simulation. Are your internal tools and talent ready to leverage these, or will

competitors gain a significant lead in new product development?

@® Is your long-term materials R&D; strategy accounting for quantum computing?

Quandela (France) and Aalto University (Finland) are demonstrating quantum computing's ability to simulate

complex quantum materials and discover superconductors. This could fundamentally alter the timeline for

next-gen materials. What is your plan to engage with this technology or risk being outmaneuvered?

© How resilient is your supply chain to strengthening Asian semiconductor material
ecosystems?

Japan (Micron, Shin-Etsu, SUMCO, Kao, Ajinomoto) and India are making massive investments ($69B) to build
robust, domestically rooted Al and semiconductor material supply chains. Does your procurement strategy
account for potential shifts in availability or pricing from these consolidated regional strengths?

I Opportunities vs. Threats for US/European Companies

Opportunity vs. Threat Matrix for US/European Companies
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® ChemGraph Opp. Democratize AI R&D; -

® AsiaSemi Threat = Supply chain risk
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I Deep Dive @ — Quantum Computing for Materials Science

#18 | 2026/07/07 | Quandela | Tech Novelty® ® ® ® ® Proximity® ® OOO Market Impact® ® ® ® ® Data

Reliability® ® ® ® O US/EU Relevancceo ® ® ® ®

French quantum company Quandela announced its spin-optical quantum computer can simulate complex
Fermi-Hubbard systems in ~2 hours. This is a critical step towards practical quantum solutions for
understanding and designing quantum materials like high-temperature superconductors and quantum

magnets.

The fault-tolerant system uses photons as qubits, overcoming classical computational barriers. This provides
a practical roadmap with concrete resource estimates, moving quantum computing beyond academic

curiosity to industrially significant materials science problems.

» Strategic Analyst's Perspective

Strategic Analyst's Perspective: The reported 2-hour simulation time for Fermi-Hubbard
systems is a significant milestone, though commercialization of fault-tolerant quantum
computers is still years away. [Opportunity] for US/EU companies to gain a fundamental
understanding of complex quantum materials, accelerating R&D; for energy-efficient devices
and quantum technologies. [Threat] is falling behind in quantum algorithm development and
hardware access, leading to a competitive disadvantage in next-gen materials. Next actions:
[R&D;] Formulate quantum materials simulation strategy; [Executive] Evaluate partnerships
with quantum computing providers by Q4 2026.

I Deep Dive @ — AI & Quantum Physics Discover Superconductors

#02 | 2026/07/07 | ScienceDaily (Aalto University) | Tech Novelty® ® ® ® ® Proximity® OOOO Market Impacte @ @ ® ®
Data Reliability® ® ® ® O US/EU Relevancco ® @ ® @

Aalto University (Finland) developed a novel method combining machine learning and quantum physics to
discover two new superconducting materials, dramatically accelerating the search for room-temperature

superconductors.

This Al-driven approach models electron behavior at the atomic level, learning complex interactions to
predict superconductivity. It enables rapid screening of an almost infinite array of material combinations, a
significant leap for energy-efficient devices and quantum computing.

» Strategic Analyst's Perspective

Strategic Analyst's Perspective: The discovery of two new superconductors, even at the basic
research stage, underscores the power of Al-quantum fusion. Published details are qualitative,
so specific performance metrics are pending. [Opportunity] for US/EU materials and device
manufacturers to leverage similar AI-driven discovery platforms for other functional materials
(catalysts, batteries). [Threat] is if this methodology becomes exclusive to certain research
groups or regions, limiting access to future breakthroughs. Next actions: [R&D;] Investigate
Al-quantum simulation capabilities; [Business Dev] Explore collaboration opportunities with
Aalto University by Q3 2026.
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I Deep Dive @ — 'BATMAT' Platform for Battery Material Discovery

#06 | 2026/07/06 | myScience (University of Luxembourg) | Tech Novelty® ® ® ® O Proximity® @ @ OO Market

Impact® ® ® ® O Data Reliability® ® ® ® O US/EU Relevancco ® @ ® ®

The University of Luxembourg's 'BATMAT' platform integrates Al and physics-based simulations to accelerate
battery material discovery 100 times faster than conventional methods. It targets commercialization within
18 months.

BATMAT uses 'Physics-Informed Neural Networks' (PINNs) to embed physical laws into AI models, enabling
accurate predictions for solid-state electrolytes and electrode components. This closed-loop system

autonomously refines material design, crucial for EV and energy storage innovation.

» Strategic Analyst's Perspective

Strategic Analyst's Perspective: The 100x acceleration claim is ambitious but plausible given
the PINN approach. The 18-month commercialization target makes this highly relevant.
[Opportunity] for US/EU battery manufacturers and materials suppliers to license or adopt this
platform, dramatically shortening their R&D; cycles and gaining a competitive edge. [Threat] is
if Asian competitors gain exclusive or early access, allowing them to outpace US/EU firms in
next-gen battery development. Next actions: [Procurement] Initiate due diligence on BATMAT
licensing/partnership by end of Q3 2026; [R&D;] Benchmark internal battery material
discovery against BATMAT's capabilities immediately.

I Other Notable Articles

Universal Foundation Model 'NEP89' Achieves 3-Order-of-Magnitude Computational Efficiency Boost for Atomic Simulations Across 89 Elements
((unknown, likely a preprint server like arXiv or journal))
Tech Novelty® ® @ ® ® Proximity® ® OOO Market Impacte @ @ ® ®

NEP89 offers a 1000-10000x speedup for atomic simulations, enabling previously impossible large-scale

materials research.

Argonne National Laboratory Unveils AI-Driven 'ChemGraph' Framework, Accelerating Materials Research with LLMs (Argonne National Laboratory)
Tech Novelty® ® ® ® O Proximity® @ ® OO Market Impacte @ @ @ O

ChemGraph democratizes computational chemistry, allowing natural language input for complex simulations,

boosting US energy tech R&D.;

Johns Hopkins and Toyota TRI Accelerate Next-Gen Fluoride-Ion Battery Electrolyte Development with Al and Automated Experiments (Johns Hopkins
University, Department of Chemical and Biomolecular Engineering)
Tech Novelty® ® ® ® O Proximity® ® OOO Market Impacte ® ® @ O

Al and automated labs are tackling fluoride-ion battery challenges, promising 7x energy density beyond
Li-ion.

Human-LLM Collaboration Discovers Novel Perovskite-Type Material Ba3PtO5, Accelerating Materials Synthesis and Discovery (arXiv)

Tech Novelty® ® ® ® ® Proximity® ® OOO Market Impacte @ @ @ O

Human-LLM collaboration successfully synthesizes a novel 1D perovskite, bridging the gap between AI
prediction and experimental discovery.

LG AI Research Unveils LLM 'EXAONE Discovery,' Showcases Real-World Application in New Hair Growth Ingredient and Immersion Coolant Discovery
at ICML 2026 (LG Al Research (via Korea JoongAng Daily))
Tech Novelty® ® ® ® O Proximity® @ @ ® O Market Impacte ® @ @ O

LG's EXAONE Discovery LLM demonstrates tangible results in new material identification for diverse industrial
applications.
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I Recommended Actions This Week

Action recommendations based on article evaluation matrix and opportunity/threat analysis.

I Immediate (this week)

e [R&D;] Evaluate open-source Al platforms like MLIP Studio (#11) and Argonne's ChemGraph (#20)
for immediate integration into simulation workflows.

o [Strategy] Assess competitive landscape for AI-driven materials discovery platforms, identifying
potential partners or acquisition targets.

| Short-term (1 month)

e [R&D;/Business Dev] Investigate collaboration opportunities with Aalto University (#02), Quandela
(#18), and University of Luxembourg (#06) for early access to cutting-edge Al/quantum materials
platforms.

e [Strategy] Analyze potential disruption from quantum computing in materials simulation and its
impact on long-term R&D; roadmaps.

e [Procurement] Review supply chain resilience for critical semiconductor materials, specifically
assessing exposure to strengthening Japanese and Indian ecosystems (#22, #23, #25).

I Medium-long term (quarter+)

e [R&D;] Establish internal AI-driven materials discovery initiatives, focusing on LLM-enabled inverse
design, MLIPs, and autonomous lab integration.

e [Executive] Develop a long-term strategy for quantum materials R&D;, including talent acquisition and
infrastructure investment.

e [Legal/IP] Monitor IP developments in Al-designed materials and quantum simulation to protect future
innovations and mitigate risks.

troy-technical.jp/en | Original curation. Article copyrights belong to respective authors. | Gemini API + Claude | 2026-07-12
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#01 Machine Learning Penetrates Materials Science,
Accelerating Autonomous Discovery with LLMs

Published July 06, 2026  Google Cloud Vertex Al Search  USA

%% :I:lll.[||!|’.|'ll.l||I|il|l|\|.||’ILL (

| overview

A comprehensive review highlights the transformative impact of machine learning,
especially Graph Neural Networks, ML Interatomic Potentials, and Large Language
Models (LLMs), on materials science, driving data-driven discovery and functional
applications. LLMs are emerging as crucial interfaces for integrating materials
knowledge, computational tools, and experimental decision-making, promising
autonomous materials discovery. However, rigorous validation of LLM outputs is
critical for ensuring the reliability and physical consistency of generated material

designs.



| N DEPTH

Key Findings

Machine learning (ML) technologies, notably Graph Neural Networks (GNNs), Machine
Learning Interatomic Potentials (MLIPs), and Large Language Models (LLMs), are
profoundly transforming materials science by accelerating data-driven discovery and the
application of functional materials. A recent comprehensive review meticulously analyzes
how these technologies are reshaping the entire lifecycle of materials development, from
design and synthesis to characterization. The review particularly underscores the
potential of LLMs to serve as a pivotal interface, seamlessly integrating vast materials
knowledge bases, sophisticated computational tools, and critical experimental decision-

making processes.

Technical / Clinical Details

The review emphasizes the prowess of GNNs in capturing complex relationships within
atomic and molecular structures, enabling the prediction of novel material properties.
MLIPs are showcased for their ability to achieve Density Functional Theory (DFT)-level
accuracy at a significantly reduced computational cost, thereby facilitating large-scale
molecular dynamics simulations essential for understanding dynamic behaviors across a
broad spectrum of material systems. LLMs are positioned as crucial enablers for 'human-
Al collaboration," assisting researchers in extracting information from scientific literature,
generating hypotheses, formulating experimental plans, and interpreting results. Within
closed-loop autonomous materials discovery systems, LLMs are envisioned to play a
central role in automating the iterative cycle of proposing next experimental steps and
feeding back experimental outcomes for continuous learning, thereby streamlining

discovery processes that traditionally took years.



Background & Context

Historically, materials development has been a laborious, trial-and-error-based process,
notoriously demanding in both time and resources. The advent of materials informatics,
powered by Al and ML, has dramatically altered this landscape. The integration of Al and
ML allows for efficient exploration of vast design spaces for complex material systems,
rapidly identifying promising candidates with desired properties. LLMs, with their
advanced natural language understanding and generation capabilities, offer
unprecedented opportunities to integrate diverse data formats and enable intuitive
human-Al interaction. This paradigm shift is vital for overcoming bottlenecks in new
material development across various industrial sectors, including pharmaceuticals,

energy, electronics, and aerospace, thereby fostering unprecedented innovation.

Strategic Significance & Outlook

The review critically highlights the paramount importance of rigorously validating LLM
outputs. Establishing robust mechanisms to ensure that generated material recipes and
predictions adhere to fundamental physical laws and chemical constraints is identified as
a key challenge. However, as these challenges are addressed, Al-driven materials science
is poised to play an indispensable role in addressing pressing societal issues, such as
developing sustainable energy solutions, advancing cutting-edge medical technologies,
and creating next-generation electronics. This acceleration in the R&D cycle promises to
unlock the discovery of novel functional materials previously beyond imagination,

heralding a future of rapid and targeted innovation.

Source: #

Collected: July 10, 2026 | Automated Research System (Gemini API)



#02 Aalto University Fuses Al and Quantum Physics to
Discover Two New Superconductors, Dramatically
Accelerating Search for Room-Temperature Materials

Published Published July 07, 2026  ScienceDaily (Aalto University) J4>Z2>F

| overview

Researchers at Finland's Aalto University have pioneered a novel methodology,
seamlessly integrating machine learning with quantum physics, to rapidly identify new
room-temperature superconductor candidates. This Al-driven approach has already
led to the discovery of two new superconducting materials, fundamentally
transforming the material discovery process from an infinite landscape into an
accelerated search. The breakthrough holds immense promise for advancing energy-

efficient technologies and quantum computing.



| N DEPTH

Background

Room-temperature superconductors represent a "holy grail" across numerous
technological domains, promising revolutionary advancements in areas such as lossless
power transmission, ultrafast computing, and advanced medical imaging (MRI). However,
their discovery has remained an formidable challenge, historically demanding vast
amounts of time and resources. Previous research efforts predominantly involved
incremental modifications of known materials or constrained explorations within limited
chemical parameter spaces. The novel integration of artificial intelligence (Al) and
quantum physics fundamentally expands this search domain, paving the way for the
discovery of entirely new materials that might otherwise remain unexplored. This
methodology is poised to play a pivotal role in accelerating the pace of material

innovation, particularly for green energy and quantum technology applications.

Key Findings

A research team at Aalto University in Finland has developed a groundbreaking
methodology that innovatively fuses machine learning (ML) with the fundamental
principles of quantum physics. This integrated approach dramatically accelerates the
identification of promising room-temperature superconductor candidates. Leveraging
this Al-driven framework, the researchers have already successfully identified two novel
superconducting materials. This transformative methodology enables the rapid
downselection of viable candidates from an almost infinite combinatorial landscape of
material possibilities, representing a significant leap forward in the pursuit of advanced

superconducting materials.



Technical Details

The core of this developed technique lies in ML models that learn directly from quantum
physics calculations to predict the properties of materials likely to exhibit
superconductivity. This significantly curtails the laborious screening time typically
associated with traditional trial-and-error experiments or computationally intensive
simulations. The approach precisely models electron behavior at the atomic level,
enabling the Al to decipher the complex quantum interactions that govern
superconducting transition temperatures (Tc). The team utilized this integrated model to
forecast the probability of materials, characterized by specific crystal structures and
elemental compositions, becoming superconductors. Based on these high-confidence
predictions, they successfully identified two materials exhibiting stable superconducting
properties. While the precise material compositions and detailed characteristics await
further announcement, this rapid discovery capability underscores a substantial

enhancement in the efficiency and scope of material exploration.

Strategic Significance & Outlook

The research outcomes from Aalto University establish a versatile platform with
implications far beyond superconductor exploration. This methodology is readily
applicable to the discovery of other critical functional materials, including high-efficiency
catalysts and next-generation battery components. The research team aims to further
refine the accuracy and computational efficiency of this Al-driven approach, continuing
to uncover additional room-temperature superconductor candidates and rigorously
validating their practical utility. Broad adoption of this methodology could fundamentally
automate and dramatically accelerate the entire material discovery pipeline, thereby
making significant contributions to technological innovations essential for a sustainable

global society.

Source: https://www.sciencedaily.com/releases/2026/07/260701205006.htm

Collected: July 10, 2026 | Automated Research System (Gemini API)


https://www.sciencedaily.com/releases/2026/07/260701205006.htm

#03 Tokyo University of Science Achieves Platinum
Reduction and Enhanced Fuel Cell Efficiency via Al-
Driven Catalyst Inverse Design

Published July 10, 2026  Science Tokyo Japan

| overview

Researchers at Tokyo University of Science have developed an innovative Al-driven
method for designing highly active and durable catalyst materials. This approach
significantly reduces the need for platinum catalysts in applications like fuel cells,
enabling more efficient material design and advancing the challenging concept of
catalyst 'inverse design.' The Al not only screens vast numbers of candidates but also

identifies key atomic structural clues for effective catalysis.



| N DEPTH

Key Findings

A research team at Tokyo University of Science has developed a groundbreaking Al-
driven methodology for designing catalyst materials that exhibit both high activity and
exceptional durability. This achievement promises to significantly reduce the use of
platinum (Pt) catalysts, which are crucial for clean energy technologies like fuel cells,
paving the way for more sustainable and economical material designs. Critically, this
work makes substantial progress in addressing the long-standing challenge of 'inverse

design' in catalysis—designing materials from desired properties.

Technical / Clinical Details

The research team integrated large catalyst datasets with advanced machine learning
models to teach the Al the complex relationships between material structure and
properties. The Al analyzes diverse atomic arrangements and electronic states that
influence catalyst activity and durability, identifying patterns and correlations that are
extremely difficult for human researchers to discern. While traditional trial-and-error
approaches would require vast amounts of time to evaluate hundreds or thousands of
candidate materials, the Al efficiently performs this screening in a much shorter
timeframe. Through this process, the Al not only narrows down optimal candidates but
also provides atomic-level insights into why specific compositions and structures are
superior. This capability enables the design of novel alloy catalysts that can achieve
comparable or superior catalytic activity and stability in reactions like the oxygen

reduction reaction (ORR) for fuel cells, all while reducing platinum content.



Background & Context

Catalysts are fundamental technologies underpinning modern society, from the chemical
industry to energy conversion and environmental remediation. For the widespread
adoption of clean energy technologies such as fuel cells and electrolysis, highly efficient,
inexpensive, and durable catalysts are essential. However, reducing the reliance on
platinum, a noble metal, is an urgent challenge from both cost and supply stability
perspectives. Historically, catalyst development has heavily relied on empirical rules
based on existing catalysts and limited theoretical calculations, making the discovery of
truly innovative catalysts difficult. The Al-driven inverse design method developed by
Tokyo University of Science disrupts this traditional approach, dramatically improving the
efficiency and predictive accuracy of material design, thereby contributing to both noble

metal reduction and enhanced performance.

Strategic Significance & Outlook

This Al-powered catalyst design methodology is expected to accelerate the cost
reduction and adoption of fuel cells, and its applications extend to efficient catalyst
development across various chemical reactions. The research team aims to further refine
this Al framework and broaden its applicability to more complex reaction systems and
diverse material platforms. Furthermore, by deepening the fundamental understanding
of catalysis based on the atomic-level insights provided by Al, this work will contribute to
establishing next-generation material design principles. This achievement marks a
significant step in reinforcing Japan's leadership in the materials science sector toward

achieving a sustainable society.

Source: https://www.miragenews.com/can-ai-learn-what-makes-excellent-catalyst-1707997/

Collected: July 10, 2026 | Automated Research System (Gemini API)
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#04 Johns Hopkins and Toyota TRI Accelerate Next-Gen

Fluoride-lon Battery Electrolyte Development with Al
and Automated Experiments

Published July 09, 2026  Johns Hopkins University, Department of Chemical and Biomolecular
Engineering  USA

| overview

A joint team from Johns Hopkins University and Toyota Research Institute (TRI)
announced a breakthrough approach combining Al and high-throughput automated
experiments to accelerate fluoride-ion battery electrolyte development. This
collaboration aims to significantly shorten the multi-decade discovery process, rapidly
identifying new electrolytes with enhanced safety and energy density. The initiative
critically advances the commercialization prospects of fluoride-ion batteries, which

hold potential far beyond current lithium-ion technology.



| N DEPTH

Key Findings

A collaborative research team from Johns Hopkins University and Toyota Research
Institute (TRI) has established an innovative methodology that leverages artificial
intelligence (Al) and high-throughput automated experimental systems to accelerate the
development of electrolytes for next-generation fluoride-ion batteries (FIBs). This
integrated approach dramatically shortens the decades-long material discovery process,
enabling the rapid identification and optimization of novel electrolyte candidates that

promise enhanced safety and energy density.

Technical / Clinical Details

At the core of their strategy, the research team employs Al algorithms to efficiently
explore the vast chemical composition space for optimal electrolyte materials for
fluoride-ion batteries. The Al learns from extensive existing materials databases and
computational chemistry models to predict material structures likely to meet specific
performance criteria, such as ion conductivity and electrochemical stability. Based on
these Al predictions, an automated experimental platform synthesizes and rapidly
evaluates a large number of candidate materials. The resulting experimental data is then
fed back into the Al model, creating a 'closed-loop' process that continuously refines the
predictive model and informs subsequent optimization cycles. This system is particularly
effective for discovering novel solid-state or polymer electrolytes, enabling the
identification of promising candidates with significantly fewer resources compared to

traditional trial-and-error research.



Background & Context

While current lithium-ion batteries have been instrumental in the proliferation of
smartphones and electric vehicles, their inherent limits in energy density and safety are
becoming apparent. Fluoride-ion batteries are garnering significant attention as a next-
generation alternative, potentially offering up to seven times the energy density of
lithium-ion batteries and leveraging abundant, low-cost fluorine resources. However, the
discovery of stable electrolytes suitable for fluoride-ion migration has been a long-
standing challenge. The collaboration between Johns Hopkins University and TRI aims to
overcome this bottleneck using the power of Al and automated experimentation,
addressing one of the most significant barriers to the practical implementation of

fluoride-ion batteries.

Strategic Significance & Outlook

This Al and automated experimentation platform has the potential to revolutionize R&D
processes not only in fluoride-ion battery electrolyte development but across diverse
fields of materials science. The research team plans to further enhance the predictive
capabilities of their Al models and improve the throughput of their experimental
platforms to accelerate discovery even more. In the future, this approach is expected to
be applied to the discovery of next-generation solid-state electrolytes, ultra-efficient
catalysts, and environmentally friendly new materials, contributing significantly to the
realization of a clean energy society. This collaboration serves as a prime example of how
academic institutions and industry can partner to apply cutting-edge Al and automation

technologies to unlock unexplored frontiers in materials science.

Source: https://engineering.jhu.edu/chembe/news/johns-hopkins-and-toyota-research-institute-use-ai-

to-accelerate-next-generation-battery-discovery/
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#05 Explainable ML Predicts Bulk Modulus of High-
Entropy Alloys, Accelerating Next-Gen Materials Design

Published July 07, 2026 ~ MDPI (Metals) International
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I OVERVIEW

A novel framework employing an explainable machine learning (ML) system has been
introduced to predict the bulk modulus of high-entropy alloys (HEAs) with high
accuracy. The Extra Trees algorithm demonstrated superior predictive performance,
and SHAP-driven interpretative analysis revealed that factors like Zr content and
average electronegativity significantly influence bulk modulus. This methodology
promises to accelerate the rapid identification and design of next-generation high-

performance HEAs for aerospace and energy applications.
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Key Findings

This study introduces an innovative framework that leverages an explainable machine
learning (ML) system to predict the bulk modulus, a critical mechanical property, of high-
entropy alloys (HEAs) with remarkable accuracy. Specifically, the Extra Trees algorithm
demonstrated superior predictive performance, while SHapley Additive exPlanations
(SHAP)-based interpretative analysis clearly identified that particular elemental
parameters, such as zirconium (Zr) content and average electronegativity, exert the
strongest influence on the bulk modulus. This advancement elucidates the complex
relationship between HEA composition and properties, enabling more rapid and efficient

design of next-generation materials.

Technical / Clinical Details

The developed framework initially collects compositional information and known bulk
modulus data for HEAs, which is then used to train the machine learning model. Extra
Trees, an ensemble learning method combining multiple decision trees, is known for its
high predictive accuracy and robustness against overfitting. This model effectively learns
the intricate interactions within HEAs, which consist of numerous elements, and can
reliably predict the bulk modulus for unseen compositions. Furthermore, by employing
SHAP analysis, it became possible to quantitatively evaluate and visualize the influence
of each feature (e.g., specific element content, atomic radius, electronegativity) that the
model uses for its predictions. This capability provides materials scientists not just with a
prediction, but also with an understanding of ‘'why' that prediction was made, enabling
them to formulate more scientifically grounded material design strategies. For instance,
the analysis revealed a tendency for HEAs with higher Zr content to exhibit a higher bulk

modulus, offering concrete design guidelines.



Background & Context

High-entropy alloys are gaining significant attention as a new class of materials that, by
mixing multiple principal components in near-equimolar ratios, exhibit superior
properties such as mechanical strength, thermal stability, and corrosion resistance—
often difficult to achieve with traditional alloys. They hold promise for high-performance
components in extreme environments like aerospace, nuclear power, and energy
storage. However, due to their vast compositional design space, discovering optimal
materials previously required extensive trial-and-error. The introduction of machine
learning offers the potential to significantly streamline this design space exploration,
drastically reducing development time and costs. The 'explainable Al' aspect is
particularly crucial as it enhances the trustworthiness of often black-box ML models and

allows materials scientists to intuitively intervene in the design process.

Strategic Significance & Outlook

This explainable ML framework boasts high versatility, making it applicable not only to
HEAs but also to the design of other composite and novel materials. The research team
aims to extend the predictive models to other mechanical properties (tensile strength,
hardness, etc.) as well as thermal and chemical characteristics. Further research will also
focus on improving predictive accuracy and interpretability by incorporating larger
datasets and integrating with first-principles calculations. The widespread adoption of
this technology is expected to significantly shorten the development cycle for high-

performance materials, accelerating innovation across various industrial sectors.

Source: https://www.mdpi.com/2673-8392/6/7/150
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#06 University of Luxembourg's 'BATMAT' Platform
Accelerates Battery Material Discovery 100-Fold with
Al and Simulation, Targets Commercialization in 18
Months

Published Published July 06, 2026  myScience (University of Luxembourg) Lot >TILD
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| overview

Professor Alexandre Tkatchenko's team at the University of Luxembourg has
introduced '‘BATMAT," a groundbreaking platform integrating Al with physics-based
simulations. This closed-loop system dramatically accelerates the discovery and
evaluation of new battery materials, including solid-state electrolytes and electrode
components, by up to 100 times compared to traditional approaches. With plans for
commercialization within 18 months, BATMAT is poised to significantly expedite

battery technology advancements for a sustainable future.
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Background

The escalating global demand for electric vehicles and large-scale renewable energy
storage has made the urgent development of higher-performance, safer, and more
affordable battery materials a critical priority. Historically, the traditional process of
battery material discovery has been a significant bottleneck, demanding immense time
and financial investment to meticulously explore the vast landscape of elemental
combinations and crystal structures. This conventional approach often means that the
discovery of truly novel materials can stretch across decades. However, the emergence of
integrated platforms like BATMAT, which strategically leverage advanced Al and physics-
based simulations, holds the transformative potential to fundamentally overhaul this
development paradigm, enabling the identification of groundbreaking materials in mere
months or a few years. Such an acceleration is indispensable for propelling battery
technology forward and facilitating a robust transition towards a sustainable global

society.

Key Findings

A research team spearheaded by Professor Alexandre Tkatchenko at the University of
Luxembourg has achieved a significant breakthrough with the successful development of
'‘BATMAT," a novel platform seamlessly integrating artificial intelligence (Al) with
sophisticated physics-based simulations. This innovative closed-loop system has
rigorously demonstrated its capacity to accelerate the discovery and comprehensive
evaluation of next-generation battery materials by an unprecedented factor of up to 100
times compared to conventional, standard methodologies. BATMAT's architecture is
specifically designed to streamline the intricate processes of exploring and optimizing a
diverse spectrum of critical battery components, including advanced solid-state

electrolytes and novel electrode materials.



Technical Details

At the heart of the BATMAT platform resides its innovative application of 'Physics-
Informed Neural Networks (PINNs).' These PINNs are engineered to embed established
knowledge and fundamental physical laws from materials science directly into the Al
models. This crucial integration empowers the Al to move beyond mere data pattern
recognition, enabling it to make predictions with an inherent, physics-aware
understanding of the underlying physical and chemical principles governing the
materials. The operational workflow involves the Al proactively proposing a curated list
of promising material candidates. These candidates then undergo rigorous validation
through high-accuracy quantum chemical calculations and advanced molecular
dynamics simulations. Crucially, the rich datasets generated from these simulations are
systematically fed back into the Al model, thereby establishing an autonomous, self-
correcting learning cycle that continuously refines and enhances predictive accuracy. This
sophisticated 'closed-loop' methodology significantly minimizes the need for manual
human intervention, dramatically accelerating the entire continuum of material design,
virtual synthesis, evaluation, and optimization. The platform’s efficacy has been
particularly validated in the rapid screening and identification of advanced solid-state
electrolytes and innovative electrode materials, specifically those exhibiting superior ion
conductivity and robust stability—characteristics paramount for achieving breakthroughs

in battery performance, longevity, and intrinsic safety.

Strategic Significance & Outlook

Professor Tkatchenko has outlined ambitious plans to commercialize the BATMAT
platform within the next 18 months, aiming to make this powerful tool accessible to a
broad spectrum of research institutions and industrial partners globally. This strategic
move is expected to significantly empower both academic and corporate researchers,
enabling them to dramatically accelerate their own battery material development
initiatives. Looking beyond battery applications, the underlying technology of BATMAT is
envisioned to extend its impact to the development of novel materials in diverse fields,
including advanced catalysts, high-efficiency solar cells, and innovative thermoelectric
materials. This ultra-fast material discovery paradigm has the potential to substantially
elevate competitiveness in the arena of next-generation energy technologies, ultimately

poised to exert a profound economic impact across numerous sectors.



Source:
https://www.myscience.be/en/news/wire/finding_new_materials_for_future_batteries_100_times_faster-

2026-luxembourg
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#07 Quantum Computing Revolutionizes
Computational Physics, Enabling Electron-Structure-
Level Precision in Materials and Chemical Simulations

Published July 07, 2026  Quantum + Al Insiders  USA

| overview

Quantum computing is reported to be revolutionizing computational physics,
bringing unprecedented electron-structure-level precision to molecular and material
simulations in materials science and chemistry. This technology allows for more
accurate predictions of reaction rates, electronic properties, and catalytic pathways—
areas challenging for classical methods—and contributes significantly to
understanding new phases and superconducting mechanisms. Deeper insights into

complex quantum phenomena will accelerate next-generation material development.
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Key Findings

Quantum computing is ushering in a revolutionary transformation in the field of
computational physics, achieving unprecedented precision at the electron-structure level
in simulations of molecules and materials within materials science and chemistry. This
novel computational paradigm now enables more accurate predictions of complex
phenomena such as reaction rates, electronic properties, and catalytic pathways, which
were previously difficult to address with classical methods. This capability is contributing

to a deeper understanding of new material phases and superconducting mechanisms.

Technical / Clinical Details

Quantum computers leverage principles of quantum mechanics, such as superposition
and entanglement, to directly simulate the wave functions of complex many-body
systems that are intractable for classical computers. This allows for first-principles
modeling of interatomic interactions and electron behavior with extremely high fidelity.
Specifically, quantum algorithms like the Variational Quantum Eigensolver (VQE) and
Quantum Approximate Optimization Algorithm (QAOA) are being applied to calculate
molecular ground state energies and identify transition states in chemical reactions.
These algorithms are instrumental in, for example, detailed analysis of the electronic
states of active sites in specific catalytic reactions or predicting the electronic band
structures of novel superconducting materials. It is anticipated that quantum computing
will eventually handle correlation effects and large-scale systems with high precision,
areas where conventional Density Functional Theory (DFT) calculations have reached

their limits.



Background & Context

Advancements in materials science and chemistry have heavily relied on computational
physics, particularly the ability to simulate and predict the behavior of molecules and
materials. However, as system complexity increases, classical computers frequently
encounter computational limits. For instance, precise atomic-level understanding is
crucial for designing new drug candidates, exploring high-performance battery materials,
or developing high-efficiency catalysts. The emergence of quantum computing promises
a breakthrough in computational capabilities for these fields, with the potential to
dramatically enhance the speed and accuracy of material discovery. This holds the power
to fundamentally alter the R&D paradigm across key industries such as pharmaceuticals,

energy, and electronics.

Strategic Significance & Outlook

While quantum computing is still an evolving technology, it is progressing rapidly. The
future hinges on realizing large-scale, fault-tolerant quantum computers, which will
enable the simulation and experimental verification of even more complex material
systems and chemical reactions. Additionally, the development of quantum machine
learning algorithms is underway, promising new knowledge discovery from quantum
data and further improvements in material property prediction capabilities. These
advancements will contribute to the design and discovery of groundbreaking materials—
such as room-temperature superconductors, innovative catalysts, and novel quantum
materials—that will profoundly impact human society, pushing the frontiers of science

and technology.

Source: #
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#08 Osaka University Develops Al-Designed Self-
Healing Super-Adhesive Hydrogel with Enhanced
Underwater Adhesion and Accelerated Material
Discovery

Published July 09, 2026  The Times of India (Osaka University) Japan

| overview

Researchers at Osaka University have successfully developed an Al-designed super-
adhesive hydrogel that exhibits strong underwater adhesion and self-healing
capabilities. This Al-driven framework notably accelerated the material discovery
process by rapidly identifying promising chemical compositions compared to
conventional trial-and-error methods. The breakthrough is expected to have wide-

ranging applications in medical adhesives, soft robotics, and wearable electronics.
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Key Findings

Researchers at Osaka University have achieved a significant breakthrough by successfully
developing an innovative super-adhesive hydrogel that leverages artificial intelligence
(Al) to exhibit both extremely strong underwater adhesion and self-healing properties.
This Al-driven framework represents a pivotal achievement, as it dramatically accelerated
the entire material discovery process by swiftly and efficiently identifying promising

chemical compositions, far surpassing traditional manual trial-and-error methodologies.

Technical / Clinical Details

The developed hydrogel is composed of a specific combination of polymers and
crosslinking agents, with Al playing a deep role in its molecular design. The research
team trained Al models with vast datasets concerning material composition, structure,
and critical properties such as underwater adhesive strength and self-healing efficiency.
The Al extracted complex patterns from this data, predicting the optimal chemical
interactions and structural features required to constitute a hydrogel with desired
performance. This 'inverse design' approach enabled the Al to screen hundreds, even
thousands, of candidate materials in a short period, a task that would typically take
conventional materials scientists months to years. Specifically, the Al-proposed hydrogel,
with particular monomer ratios and crosslinking densities, demonstrated adhesion
strength comparable to dry adhesives in aqueous environments and exhibited robust
self-healing capabilities to recover original performance after damage. This mechanism is
attributed to the Al's optimization of the self-assembly capacity of dynamic non-covalent
bonds (e.g., hydrogen bonds and coordination bonds) formed within the hydrogel

structure.



Background & Context

Underwater adhesives and self-healing materials hold immense promise for diverse
applications, including medical fields (biocompatible adhesives, surgical sealants), soft
robotics (flexible actuation components), wearable electronics (self-repairing sensors),
and even subaquatic infrastructure repair. However, the aqueous environment severely
degrades adhesive performance, and developing materials with self-healing
functionalities has been extremely challenging due to their complex chemical and
physical requirements. Osaka University's Al-driven approach offers a new pathway to
overcome these technical hurdles, pushing the boundaries of conventional material
development. This achievement re-emphasizes the potential of 'materials informatics' to

rapidly and efficiently design materials with specific functionalities.

Strategic Significance & Outlook

This Al-designed super-adhesive hydrogel is particularly anticipated for applications as
surgical adhesives and wound-healing materials in the medical field. Furthermore, its
ability to self-repair after damage will significantly enhance the reliability of soft robots
and extend the lifespan of wearable devices. The research team plans to further optimize
this Al framework, aiming for even greater biocompatibility and mechanical property
enhancements, as well as broader applications across diverse environmental conditions.
This breakthrough is expected to further strengthen the role of Al in the design and
discovery of functional materials, providing novel solutions to currently unresolved

technical and societal challenges.

Source: #
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#09 Universal Foundation Model 'NEP89' Achieves 3-

Order-of-Magnitude Computational Efficiency Boost
for Atomic Simulations Across 89 Elements
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| overview

A new foundation model, 'NEP89," based on a neuroevolution potential architecture,
has been introduced, covering inorganic and organic materials across 89 elements.
NEP89 achieves both empirical potential-level speed and high accuracy, notably
improving computational efficiency by 3 to 4 orders of magnitude compared to
existing foundation models. This dramatic increase in efficiency enables previously

impossible large-scale atomic simulations, opening new avenues in materials science

research.
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Key Findings

A groundbreaking foundation model, 'NEP89," has been developed, based on a
neuroevolution potential architecture, capable of atomic simulations for inorganic and
organic materials across 89 elements. The key feature of NEP89 is its ability to achieve
both computational speeds comparable to empirical potentials and high accuracy
approaching first-principles calculations. It successfully boosts computational efficiency
by 3 to 4 orders of magnitude compared to existing machine-learning-based foundation

models, making large-scale and complex atomic simulations a practical reality.

Technical / Clinical Details

The core of NEP89 lies in its high-accuracy learning of the potential energy surface
describing interatomic interactions, utilizing neuroevolutionary methods. This model
efficiently extracts the relationship between atomic arrangements and energy from high-
precision, quantum mechanics-based datasets, constructing a universal potential
applicable to various material systems. It excels in faithfully reproducing interactions in
complex alloys with multiple elements and materials exhibiting diverse bonding types,
such as covalent, ionic, and van der Waals forces. The dramatic increase in computational
efficiency was achieved through optimized model architecture and efficient data
sampling strategies. For instance, systems previously limited to simulations of a few
thousand atoms can now be simulated with hundreds of thousands of atoms or more
using NEP89 within a reasonable computational timeframe. This allows for detailed
atomic-level analysis of complex phenomena influencing macroscopic material

properties, such as solidification processes, phase transitions, and defect behaviors.



Background & Context

Atomic simulation is an extremely powerful tool in material design and process
development, but its high computational cost has been a long-standing bottleneck.
Especially for complex materials containing many elements or requiring tracking long-
time dynamics, high-accuracy methods like Density Functional Theory (DFT) were too
computationally intensive, while empirical potentials had limitations in accuracy. The
advent of high-performance machine learning interatomic potentials (MLIPs) like NEP89
resolves this trade-off, enabling both accuracy and computational efficiency, thus
significantly expanding the possibilities for large-scale simulations in materials
informatics. This will accelerate the exploration of new materials, property prediction,
and elucidation of reaction mechanisms, contributing to innovation in various industrial

sectors including aerospace, energy, semiconductors, and medicine.

Strategic Significance & Outlook

NEP89 holds the potential to become a new standard for simulations in materials science
research. Future work will aim to further develop this foundation model, integrating
predictive capabilities for a wider range of material properties (e.g., thermal conductivity,
electrical conductivity, stress response). Furthermore, by coupling NEP89 with existing
materials databases and experimental data, the construction of even more accurate and
reliable material design platforms is anticipated. This technology will expand the frontier
of computational materials science and represents a crucial step towards realizing Al-
driven material discovery. In the long term, it is expected to provide rapid solutions to
complex material design challenges and accelerate the creation of groundbreaking new

materials that contribute to the sustainable development of human society.

Source: https://materialsmodeling.org/publications/2026-NEP89-Universal-neuroevolution-potential-for-

inorganic-and-organic-materials-across-89-elements/
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#10 Royal Society of Chemistry Integrates MLIPs and
Classical Force Fields for MOF Adsorption Screening,
Achieving DFT Accuracy at Low Cost

Published July 05, 2026  The Royal Society of Chemistry (Chemical Science) International

i

| overview

An efficient hybrid screening workflow integrating classical force fields with universal
machine learning interatomic potentials (u-MLIPs) has been introduced for metal-
organic framework (MOF) adsorption screening. This method achieves near-Density
Functional Theory (DFT) accuracy at significantly reduced computational cost,
dramatically accelerating adsorption performance evaluation across large MOF
databases. This advancement will significantly progress MOF material development

for applications like CO2 capture, gas storage, and separation.



| N DEPTH

Key Findings

In research published in ‘Chemical Science' by The Royal Society of Chemistry, a hybrid
workflow has been introduced to revolutionize adsorption performance screening for
metal-organic frameworks (MOFs). This novel methodology effectively integrates
classical force fields with universal machine learning interatomic potentials (u-MLIPs),
achieving high accuracy comparable to Density Functional Theory (DFT) calculations but
at a significantly lower computational cost. This dramatically enhances the efficiency of
evaluating adsorption performance across large MOF structural databases, a task

previously hampered by computational constraints.

Technical / Clinical Details

The developed hybrid screening workflow consists of multiple stages. Initially, classical
force fields are used for rapid exploration of candidate adsorption sites and fundamental
adsorption mechanisms within MOF structures. While classical force fields excel in
computational speed, they have limitations in accuracy. Therefore, promising candidates
are then subjected to detailed simulations using u-MLIPs. U-MLIPs are machine learning
models trained on interatomic interactions derived from DFT calculations, offering DFT-
comparable accuracy while requiring several orders of magnitude less computational
cost. This two-stage approach combines the speed of classical force fields with the high
accuracy of u-MLIPs, optimizing computational resources to accurately describe complex
interactions between MOFs and gas molecules. Specifically, it enables efficient evaluation
of how gas molecules, such as CO2, adsorb into MOF pore structures, including their

adsorption energies and selectivities, across vast MOF libraries.



Background & Context

Metal-organic frameworks (MOFs), with their diverse structures and tunable pore
characteristics, are next-generation materials expected to have wide-ranging applications
in gas storage, separation, CO2 capture, catalysis, and sensing. However, the theoretically
possible number of MOF structures is astronomical, and evaluating the adsorption
properties of individual MOFs experimentally or with high-accuracy DFT calculations is
prohibitively time-consuming and costly. This computational bottleneck has been a
major factor delaying the practical application of high-performance MOFs. The
presented hybrid methodology breaks through this bottleneck, enabling large-scale
virtual screening and opening the way to rapidly identify MOFs optimal for specific

applications (e.g., CO2 separation from industrial flue gas).

Strategic Significance & Outlook

This hybrid screening workflow, integrating u-MLIPs and classical force fields, powerfully
advances the application of 'materials informatics' in MOF research. Moving forward, this
method is expected to be applied not only to MOFs but also to the design and screening
of other porous materials and catalytic materials. Furthermore, by strengthening
integration with experimental data to enhance prediction reliability, the timeframe from
computational material discovery to practical application can be significantly reduced.
This technology is anticipated to become a crucial foundation for accelerating the
creation of high-performance materials essential for environmental technologies (e.g.,
improved CO2 capture efficiency) and energy-efficient process development,

contributing to the realization of a sustainable society.

Source: https://xlink.rsc.org/?DOI=D6SC00831C
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#11 MLIP Studio Launches on arXiv, Integrating Over
60 MLIPs to Dramatically Reduce Computational Costs
for Atomistic Simulations

Published July 09, 2026  arXiv  International

| overview

MLIP Studio, an open-source platform, has been announced on arXiv, integrating over
60 universal Machine Learning Interatomic Potentials (MLIPs) to facilitate atomistic
simulations and benchmarking. This platform enables MLIP-driven workflows for
property prediction, structural optimization, and vibrational analysis, significantly
reducing the computational costs associated with Density Functional Theory (DFT)
optimization. It promises to dramatically enhance the efficiency of molecular and

materials research.
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Key Findings

The open-source, free platform 'MLIP Studio' has been announced on arXiv, promising to
bring significant transformation to the fields of atomistic simulation and benchmarking.
MLIP Studio integrates over 60 universal Machine Learning Interatomic Potentials
(MLIPs), allowing researchers to easily execute MLIP-driven workflows for property
prediction, structural optimization, and vibrational analysis. This platform dramatically
reduces the need for computationally expensive Density Functional Theory (DFT)
calculations and the associated costs, thereby enhancing the efficiency of molecular and

materials research.

Technical / Clinical Details

MLIP Studio is designed to make diverse existing MLIP models accessible through a
unified interface. This enables users to easily select the optimal MLIP for specific material
systems or computational objectives and perform atomistic simulations. MLIPs learn
interatomic interactions from high-accuracy training data obtained through first-
principles calculations (DFT), and they can achieve DFT-comparable accuracy while
improving computational speed by several orders of magnitude. For instance, in large-
scale molecular dynamics simulations, using MLIPs allows for the analysis of systems with
tens of thousands to hundreds of thousands of atoms within a reasonable timeframe. By
integrating these MLIPs, MLIP Studio addresses a wide range of research challenges,

including:

e Property Prediction: Mechanical, thermal, and electrical properties of bulk materials
such as elastic modulus, thermal conductivity, and electrical conductivity.

e Structural Optimization: Exploration of stable crystal and molecular structures.

¢ Vibrational Analysis: Calculation of phonon dispersion curves and IR/Raman spectra.

The benchmarking functionality further facilitates performance comparisons between

different MLIPs, accelerating the development and validation of new MLIPs.



Background & Context

Simulations of molecules and materials are foundational to new material development in
materials science and chemistry. However, high-accuracy methods like DFT calculations
are extremely computationally intensive and unsuitable for large systems or long-
duration simulations. This computational cost bottleneck has been a primary factor
limiting the pace of material discovery. MLIPs have recently garnered significant
attention as a powerful approach to address this challenge, but the diversity of MLIP
models and the expertise required for their selection and implementation posed a
barrier. MLIP Studio democratizes high-performance atomistic simulations by providing

these MLIPs as a user-friendly platform, thus accelerating R&D.

Strategic Significance & Outlook

The advent of MLIP Studio is expected to have a widespread impact on the field of
computational materials science. Researchers can now predict and understand material
behavior more efficiently, significantly shortening the design cycle for new materials. In
the future, new MLIP models and analysis tools are expected to be continuously added
to MLIP Studio, expanding its functionalities. Furthermore, enhanced integration with
experimental data is anticipated, leading to more accurate predictions of real-world
material behavior. This platform is poised to become a critical infrastructure that
accelerates innovation in various industrial sectors, including batteries, catalysts,
semiconductors, and medical materials, contributing to the creation of higher-

performance and more sustainable material solutions.

Source: https://arxiv.org/html/2607.07606v1
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#12 Al-Integrated Advanced Materials Manufacturing
Accelerates Innovation in Energy Storage, Catalysis,
and Environmental Applications

Published July 07, 2026  Frontiers (Journal of Energy Research & Reviews) International

| overview

Al-integrated manufacturing of advanced materials is reported to be bringing
revolutionary changes to energy storage, catalysis, and environmental applications.
Machine learning is accelerating catalyst discovery and significantly reducing reliance
on computationally intensive Density Functional Theory (DFT) simulations. This Al-
driven approach enhances the optimization of electrocatalytic processes for hydrogen

generation and CO2 conversion, contributing significantly to clean energy technology.
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Key Findings

The integration of artificial intelligence (Al) into advanced materials manufacturing is
reported to be driving unprecedented and transformative progress in the fields of
energy storage, catalysis, and environmental applications. Specifically, machine learning
(ML) technologies are dramatically accelerating the process of catalyst discovery and
have successfully reduced the reliance on computationally intensive Density Functional
Theory (DFT) simulations. This Al-driven approach enhances the optimization of critical
electrocatalytic processes, such as hydrogen generation and CO2 conversion, thereby
robustly advancing the development of clean energy technologies for a sustainable

society.

Technical / Clinical Details

Al-integrated manufacturing is applied across the entire lifecycle of materials, from
design to synthesis, characterization, and final optimization. Specifically, machine
learning algorithms extract patterns from vast materials databases and quantum
chemistry calculation results to predict novel material candidates likely to possess
specific functionalities (e.g., high catalytic activity, durability, selectivity). This predictive
capability allows researchers to identify promising material compositions and structures
far more efficiently than traditional trial-and-error methods. For instance, in
electrocatalyst development, Al explores the compositional space of multi-element
alloys, proposing optimal active site structures for oxygen reduction reaction (ORR),
hydrogen evolution reaction (HER), and CO2 reduction reaction (CO2RR). This accelerates
the reduction of noble metal catalyst usage and the development of cheaper, higher-
performance non-noble metal catalysts. Furthermore, Al plays a role in optimizing
synthesis process conditions (e.g., temperature, pressure, reaction time) to improve the

yield and quality of products with desired material properties.



Background & Context

Amidst rising global energy demand and growing concerns about climate change, the
generation and storage of clean energy, as well as the reduction of environmental
impact, are urgent challenges. High-performance advanced materials such as catalysts,
batteries, and adsorbents are indispensable for addressing these issues. However,
traditional materials development has faced significant constraints in terms of time, cost,
and resources. Discovering catalysts that drive complex chemical reactions and designing
new energy storage materials have been particularly challenging. Integrating Al into the
material manufacturing process represents a paradigm shift that breaks through these
bottlenecks, significantly shortens the R&D cycle, and enables more rapid technological
commercialization. This delivers a crucial competitive advantage vital for achieving

international energy security and environmental goals.

Strategic Significance & Outlook

Al-integrated manufacturing is poised to expand its applications further, potentially
evolving into fully autonomous material discovery and synthesis systems in the future.
Researchers aim to combine Al's predictive capabilities with automated experimental
robotics to construct closed-loop systems that explore and optimize new materials with
minimal human intervention. The progression of this technology will enable more
sustainable and efficient material development, accelerating innovation in next-
generation clean energy technologies, environmental remediation solutions, and other
advanced application fields. This is expected to contribute significantly to overall societal

sustainability and economic growth.

Source: https://www.frontiersin.org/journals/chemistry/articles/10.3389/fchem.2026.1864044/full
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#13 Tokyo University of Science Discovers New Class of
Ferromagnetic Quasicrystals with Machine Learning, Al
Accelerates Magnetic Material Development

Published July 09, 2026  Digital Journal (Tokyo University of Science) Japan

| overview

A research team at Tokyo University of Science has successfully developed a new class
of ferromagnetic quasicrystals by applying machine learning. This Al-guided approach
enabled the prediction of promising alloy compositions for stable ferromagnetic
quasicrystals and systematic investigation of their structural and magnetic properties,
without relying on traditional trial-and-error methods. This breakthrough significantly
accelerates the development of advanced magnetic materials for next-generation

devices.
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Key Findings

A research team at Tokyo University of Science has made a groundbreaking discovery
and development: a new class of ferromagnetic quasicrystals, enabled by the innovative
application of machine learning (ML) technology. This Al-guided approach efficiently
predicted promising alloy compositions for stable ferromagnetic quasicrystals and
systematically explored their complex structural and magnetic properties, without
resorting to traditional trial-and-error methods. This breakthrough holds the potential to
dramatically accelerate the design and discovery processes for advanced magnetic

materials.

Technical / Clinical Details

The research team began by training ML models with extensive data on the complex
atomic arrangements of quasicrystals and their resulting magnetic properties. The Al
models extracted subtle structural features and electronic state patterns common to
quasicrystals exhibiting ferromagnetism from this data. Based on this learning, the Al
proposed candidate alloy compositions, previously unknown, that had a high probability
of forming stable ferromagnetic quasicrystals. In traditional materials science, the
exploration of quasicrystals has largely depended on random trial and error, making it
extremely difficult to find quasicrystals with specific functionalities like ferromagnetism.
The Al's predictive capabilities significantly narrowed down this search space, allowing
researchers to focus on promising candidates. Indeed, quasicrystals with compositions
predicted by the Al were synthesized, and their ferromagnetic properties and stability
were confirmed through X-ray diffraction and magnetic property measurements. This
demonstrated the effectiveness of Al-proposed alloy compositions for designing

practical ferromagnetic quasicrystals.



Background & Context

Quasicrystals are materials with unique structures where atoms are arranged regularly
but non-periodically, and their distinct electronic states and surface properties have led
to research into applications such as thermoelectric materials, catalysts, and low-friction
coatings. However, ferromagnetic quasicrystals are exceedingly rare, and their
exploration has been extremely challenging. Ferromagnetic quasicrystals could possess
unique properties not found in conventional crystalline magnetic materials, potentially
opening new avenues for the development of next-generation magnetic memory, high-
sensitivity sensors, and spintronic devices. This Al-enabled discovery addresses a
significant bottleneck in this exploration, greatly expanding the frontier of

quasicrystalline materials science.

Strategic Significance & Outlook

This ML-driven method for discovering ferromagnetic quasicrystals is a versatile
approach that can be applied to the exploration of other functional quasicrystals and a
broader range of new magnetic materials. The research team aims to further refine this
Al framework, enhancing its predictive accuracy and discovery efficiency. Specifically,
they plan to advance Al-driven design to further optimize specific magnetic properties of
ferromagnetic quasicrystals, such as saturation magnetization, Curie temperature, and
magnetic anisotropy. The widespread adoption of this technology is expected to
dramatically shorten the materials development cycle, enabling the faster market
introduction of groundbreaking magnetic materials that will significantly impact the

next-generation electronics and information technology sectors.

Source: https://www.digitaljournal.com/article/machine-learning-unlocks-a-new-class-of-magnetic-

materials/
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#14 Challenge of Atomic Partial Charges in MLIPs

Impedes High-Precision Simulation of Non-Covalent
Interactions

Published July 08, 2026  ACS Publications (Journal of Chemical Theory and Computation)

International

| overview

While Machine Learning Interatomic Potentials (MLIPs) hold great promise for
achieving DFT-level accuracy at low computational cost in molecular dynamics
simulations, their reliability in systems dominated by non-covalent interactions
remains a significant challenge. This study argues that the ability to accurately resolve
atomic partial charges is critical for enhancing MLIP performance and versatility.

Overcoming this limitation is essential for accelerating the broad application of MLIPs.
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Key Findings

Recent research highlights a critical challenge for Machine Learning Interatomic
Potentials (MLIPs): while they offer groundbreaking potential for achieving Density
Functional Theory (DFT)-level accuracy at significantly lower computational costs in
molecular dynamics simulations, their reliability in chemical systems dominated by non-
covalent interactions remains a significant hurdle. The core of this challenge lies in the
MLIPs' ability to accurately describe atomic partial charges, which this study argues is

paramount for enhancing MLIPs' versatility and predictive capabilities.

Technical / Clinical Details

MLIPs learn interatomic interactions from datasets generated by high-accuracy quantum
chemistry calculations, such as DFT, and then use this learned information to perform
large-scale atomistic simulations. The primary advantage is the ability to achieve high-
precision simulations while circumventing the high computational load of DFT. However,
non-covalent interactions—Ilike hydrogen bonding, van der Waals forces, and
electrostatic interactions—are particularly challenging for MLIPs to accurately capture.
These interactions are deeply involved in molecular structure, reactivity, and material
aggregation properties, making their precise description indispensable. This study
focuses on how accurately MLIPs can predict the local charge distribution of atoms, i.e.,
partial charges. For example, charge redistribution during bond dissociation curves is
crucial for understanding chemical reaction mechanisms, yet many current MLIPs were
shown to insufficiently capture these complex charge changes. Inaccuracies in partial
charges can lead to under- or overestimation of interactions, especially between polar

molecules or at interfaces, thereby undermining the reliability of simulation results.



Background & Context

In materials science, chemistry, and biophysics, atomistic simulations of molecular
dynamics and reactions are essential for drug discovery, novel material design, and
understanding enzyme mechanisms. While DFT calculations offer high accuracy, they are
impractical for systems exceeding a few hundred atoms or requiring long simulation
times. MLIPs are expected to bridge this computational scale gap. However, the
description of non-covalent interactions remains one of the last barriers for MLIPs to
become 'truly universal potentials." Overcoming this challenge is crucial for MLIPs to
function as reliable simulation tools across a wide range of systems where non-covalent
bonds play a significant role, such as biomolecules in aqueous solutions, polymeric

materials, and organic semiconductors.

Strategic Significance & Outlook

This research clearly demonstrates the importance of incorporating more accurate partial
charge description capabilities into MLIP models for their next stage of development.
Future R&D will likely focus on designing MLIP architectures that account for charge
equilibration, constructing training datasets rich in charge information, and developing
MLIP models that explicitly handle non-covalent interactions. If this technical challenge is
overcome, MLIPs will become applicable to an even broader array of chemical and
material systems, dramatically improving the accuracy and applicability of molecular
dynamics simulations. This holds the potential to further accelerate Al-driven material
discovery across diverse scientific and technological fields, including drug discovery,

battery technology, and catalyst development.

Source: https://pubs.acs.org/doi/10.1021/acs.jctc.6c00719
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#15 Firefly-Geni Autonomous Framework Leverages
LLMs for Generative Discovery of Thermally Activated
Delayed Fluorescence (TADF) Molecular Candidates

Published July 03, 2026  ChemRxiv  International

| overview

Firefly-Geni has been announced as an automated, interpretable active evolution
framework integrating LLM-assisted data extraction, multitask property prediction,
conditional molecule generation, and theoretical evaluation. This closed-loop
workflow autonomously generates structurally novel Thermally Activated Delayed
Fluorescence (TADF) molecular candidates by leveraging dispersed knowledge from
scientific literature. It aims to accelerate the discovery of new materials for enhancing

the efficiency of OLED displays and lighting.
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Key Findings

The 'Firefly-Geni' framework, an automated and interpretable active evolution system,
has been unveiled, enabling the autonomous generation of Thermally Activated Delayed
Fluorescence (TADF) molecular candidates through the strategic utilization of Large
Language Models (LLMs). Firefly-Geni features a seamless closed-loop workflow that
integrates LLM-driven data extraction, multitask property prediction, conditional
molecule generation, and theoretical evaluation modules. This groundbreaking approach
allows for the systematic leveraging of dispersed knowledge from scientific literature to

efficiently explore novel TADF molecules with previously untapped structures.

Technical / Clinical Details

Firefly-Geni's workflow comprises the following key steps: First, an LLM automatically
extracts data related to TADF molecules, including structural information, synthesis
protocols, and experimental results, from a vast corpus of scientific papers and
databases. Next, a multitask property prediction model, trained on this extracted data,
rapidly forecasts critical TADF properties (e.g., emission efficiency, stability, emission
wavelength) of generated candidate molecules. Based on these predictions, a conditional
molecule generation module designs and creates new molecular structures with desired
property profiles. The generated molecules then undergo theoretical evaluation via
quantum chemical calculations to rigorously verify their TADF performance. The results
of this evaluation are fed back as learning data for the LLM in the subsequent
exploration cycle, continuously improving the overall efficiency and accuracy of the
framework. This iterative learning and generation loop allows Firefly-Geni to
autonomously explore structurally diverse and high-performance TADF molecules that

would be challenging to discover through conventional trial-and-error methods.



Background & Context

Thermally Activated Delayed Fluorescence (TADF) materials are garnering significant
attention as next-generation emissive materials for organic light-emitting diode (OLED)
displays and lighting, poised to replace traditional fluorescent and phosphorescent
materials. TADF materials are essential for achieving energy-efficient OLED devices due
to their ability to attain high internal quantum efficiency (IQE). However, designing stable
and highly efficient TADF molecules has been exceptionally challenging, requiring a deep
understanding of their complex molecular structures and excited-state physicochemical
properties. Conventional TADF molecular exploration has largely depended on the
experience and intuition of chemists, presenting a time-consuming and costly
bottleneck. Autonomous discovery frameworks integrating LLMs, such as Firefly-Geni,
hold the potential to break through this bottleneck and dramatically improve the speed

and efficiency of TADF material development.

Strategic Significance & Outlook

The advent of Firefly-Geni is set to transform the R&D paradigm in the TADF materials
field. Moving forward, this framework is expected to be applied not only to TADF
molecules but also to the discovery of other functional molecules, such as solar cell
materials, drug candidates, and catalysts. The research team aims to further enhance
Firefly-Geni's generative capabilities and interpretability, evolving its molecular design to
account for more complex design requirements and synthetic feasibility. The widespread
adoption of this technology is expected to significantly shorten the timeframe from new
material discovery to practical application, leading to the proliferation of high-
performance OLED devices and the advancement of sustainable energy technologies,

ultimately bringing substantial benefits to society as a whole.

Source: https://chemrxiv.org/doi/10.26434/chemrxiv.15005548
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#16 Human-LLM Collaboration Discovers Novel

Perovskite-Type Material Ba3PtO5, Accelerating
Materials Synthesis and Discovery

Published July 09, 2026  arXiv  International

| overview

Addressing the challenge where LLMs accelerate material prediction but experimental
discovery lags, this study demonstrates the power of human-LLM collaboration.
Through this collaborative process, researchers successfully synthesized Ba3PtO5, a
novel material with a previously unreported 1D perovskite-type structure. This was
achieved via a closed-loop system combining synthesis recipe design for known and

novel materials with laboratory validation, dramatically accelerating materials

synthesis and discovery.
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Key Findings

As Large Language Models (LLMs) and Al tools dramatically accelerate the generation of
predicted materials, a critical challenge has emerged: experimental discovery of novel
materials often lags behind. This study demonstrates that human-LLM collaboration
offers a groundbreaking solution to this problem. Through this collaborative framework,
researchers successfully synthesized Ba3PtO5, a novel material possessing a previously
unreported one-dimensional perovskite-type structure. This achievement was facilitated
by a closed-loop process that combined the design of synthesis recipes for both known
and new materials with subsequent laboratory validation, thereby dramatically

accelerating the pace of materials synthesis and discovery.

Technical / Clinical Details

The research team established an innovative workflow that integrates materials science
experts with LLMs. The LLM extracts and organizes unstructured data—such as synthesis
conditions, structural information, and reaction pathways—related to specific material
properties from vast scientific literature and databases. Based on this information, the
LLM generates candidate synthesis recipes not only for known materials but also for
entirely novel ones. Human researchers then evaluate the LLM-proposed recipes, refining
them by considering physicochemical constraints and experimental feasibility. These
optimized recipes are then used to conduct actual material synthesis in the laboratory,
and the structure and properties of the produced materials are analyzed. The
experimental results are fed back into the LLM, iteratively improving the model's
predictive accuracy and recipe generation capabilities. During this ‘human-Al
collaborative closed-loop learning' process, particularly in the synthesis of Ba3PtO5, the
LLM's suggested elemental combinations and synthesis conditions were found to lead to
the formation of the novel 1D perovskite-type structure that had been overlooked until
now. This specific discovery highlights Al's capability beyond mere prediction,

demonstrating tangible results in the physical world.



Background & Context

The discovery of new materials is a driving force behind technological innovation across
all sectors of modern society, including clean energy, medicine, electronics, and
aerospace. However, traditional materials synthesis and discovery processes have been
characterized by high time, cost, and resource intensity, coupled with low success rates.
Recent advancements in Al, especially LLMs, have accelerated the prediction of material
properties and the screening of promising candidates. Yet, the crucial step of actually
synthesizing and experimentally discovering these Al-proposed 'virtual' materials into
‘physical’ ones has remained a significant bottleneck. The human-LLM collaboration
approach presents a new paradigm that effectively resolves this bottleneck by merging
Al's powerful knowledge processing capabilities with human intuition, creativity, and

experimental expertise.

Strategic Significance & Outlook

The discovery of the novel material Ba3PtO5 clearly demonstrates that human-LLM
collaboration can serve as a next-generation discovery platform in materials science. The
research team plans to further refine this collaborative framework and apply it to explore
more complex material systems and materials with specific functionalities (e.g.,
superconductivity, catalytic activity, optoelectronic properties). Furthermore, by
deepening the LLM's understanding of chemical knowledge and physical laws, more
‘intelligent' recipe generation and experimental planning will become possible. If this
technology becomes widespread, the R&D cycle in materials science will be significantly
shortened, and the creation of groundbreaking new materials crucial for realizing a
sustainable society is expected to accelerate. This will stand as a powerful example of

human-centered innovation in the Al era of material discovery.

Source: https://arxiv.org/html/2607.07604v1
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#17 Machine Learning Designs Biomedical High-
Entropy Alloys for Additive Manufacturing, Selecting
Optimal Zr Alloys from 15 Million Compositions

Published July 06, 2026  Taylor & Francis Group - Figshare International
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| overview

A machine learning framework has been successfully introduced and validated for
designing biomedical high-entropy alloys (BioHEAs) for additive manufacturing (AM),
identifying optimal compositions with low elastic modulus, high strength, and
damage tolerance from approximately 15 million candidates. This innovative
approach highlighted Zr-rich BCC alloys as particularly promising, establishing a
strategy for prioritizing materials before AM optimization. This significantly

accelerates the development of biomaterials like implants.
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Key Findings

In a significant advancement for the design of biomedical high-entropy alloys (BioHEAS)
for additive manufacturing (AM), an innovative machine learning (ML) framework has
been successfully introduced and validated. This framework effectively identified and
prioritized optimal BioHEA compositions that simultaneously achieve desirable
properties such as low elastic modulus, high strength, and damage tolerance from a vast
compositional space of approximately 15 million candidates. Notably, the study revealed
that body-centered cubic (BCC) alloys rich in zirconium (Zr) are particularly promising for
AM applications, establishing a crucial strategy for pre-optimization material selection.
This development is expected to significantly reduce the time and cost associated with

biomaterial development.

Technical / Clinical Details

The developed ML framework integrates a multi-stage approach of virtual screening and
physical prototyping. Initially, based on data from existing material databases and
computational chemistry methods like Density Functional Theory (DFT), the machine
learning model learns the complex relationships between composition and anticipated
mechanical properties (e.g., elastic modulus, yield strength, tensile strength). Using this
trained model, approximately 15 million BioHEA candidate compositions are rapidly
screened to identify promising candidates with the desired property profiles. The optimal
compositions suggested by the ML model then proceed to the physical prototyping
stage, where alloys are actually synthesized, and test specimens are fabricated using
additive manufacturing techniques (e.g., Laser Powder Bed Fusion, LPBF). These
specimens undergo experimental validation, including tensile tests, hardness
measurements, and biocompatibility assessments, confirming the accuracy of the ML
predictions. Specifically, Zr-rich BCC BioHEAs were found to exhibit high performance,
balancing both low elastic modulus and high strength. This process optimizes data-
driven material selection before AM manufacturing, minimizing wasted time and

resources.



Background & Context

Biomedical alloys, used in implantable devices such as artificial joints, dental implants,
and bone plates, require biocompatibility, high strength, fatigue resistance, and a low
elastic modulus close to that of natural bone. A high elastic modulus can lead to a 'stress
shielding effect,' potentially weakening the surrounding bone. High-entropy alloys
(HEASs) are drawing attention as BioHEAs due to their potential to offer superior
mechanical properties and corrosion resistance compared to conventional titanium and
cobalt-chromium alloys. However, the compositional space of HEAs is vast, and
designing optimal alloys, especially when combined with additive manufacturing, is
extremely complex. The introduction of ML provides a powerful solution to this design
challenge, fundamentally transforming traditional, trial-and-error-dependent

development processes.

Strategic Significance & Outlook

This ML-guided BioHEA design framework significantly advances the paradigm of
material development in the biomedical field. The research team plans to further refine
this framework, aiming to incorporate the ability to predict material responses under
more complex biological environments (e.g., long-term corrosion behavior, cellular
response). Another key objective is to apply ML to optimize AM process parameters
themselves, enhancing the integration between material properties and manufacturing
processes. The widespread adoption of this technology is expected to enable the rapid
development of customized implants for personalized medicine and next-generation
biomaterials with superior performance and longevity, significantly contributing to the

improvement of patients' quality of life.

Source: #
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#18 Quandela Announces Spin-Optical Quantum
Computer Can Simulate Fermi-Hubbard System in ~2
Hours, Accelerating Quantum Materials Science

Published July 07, 2026  Quandela  France
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| overview

French quantum computing company Quandela and Walrus Computing have
published detailed resource estimates demonstrating that a fault-tolerant spin-optical
quantum computer can simulate commercially relevant Fermi-Hubbard systems, a
critical challenge in materials science, in approximately two hours. This breakthrough
strongly suggests that quantum computing can provide practical solutions for
understanding complex quantum materials, such as high-temperature

superconductors and quantum magnets, and designing new materials.
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Key Findings

French quantum computing companies Quandela and Walrus Computing have
announced detailed resource estimations regarding the impressive performance of fault-
tolerant spin-optical quantum computers. According to their research, this technology
can simulate commercially relevant Fermi—-Hubbard systems—one of the most critical
challenges in materials science—in approximately two hours. This achievement strongly
suggests that quantum computing can become a practical tool for elucidating the
behavior of complex quantum materials, such as high-temperature superconductors and

quantum magnets, and contribute to the design of groundbreaking new materials.

Technical / Clinical Details

The Fermi—-Hubbard model is a quantum many-body model that describes electron
interactions and serves as a fundamental framework for understanding phenomena like
high-temperature superconductivity and quantum magnetism. Accurately simulating this
model has been extremely challenging for classical computers due to the exponential
increase in computational resources required. The research by Quandela and Walrus
Computing demonstrates that 'spin-optical quantum computing,’ which utilizes photons
as qubits, can overcome this computational barrier. Fault-tolerant quantum computers
possess the ability to correct qubit errors, maintaining high reliability even during long
computations. Their resource estimation quantitatively analyzed the necessary number of
qubits, gate operations, and the overhead required for error correction, showing that a
simulation of a specific scale Fermi-Hubbard model can be completed within a realistic
timeframe (approximately 2 hours). This presents not just a proof of concept, but a

practical roadmap with concrete computational resources.



Background & Context

Quantum materials, particularly high-temperature superconductors and topological
materials, hold promise for applications in energy-efficient devices, quantum devices,
and next-generation electronics. However, the fundamental physical phenomena of
these materials are determined by extremely complex quantum many-body interactions,
and their theoretical understanding remains incomplete. The limitations of classical
computer simulations have hindered progress in this field. Quantum computing, by its
nature, can solve these quantum problems, making it an anticipated ultimate tool for
‘quantum simulation.' Quandela's announcement suggests that quantum computing is
progressing beyond academic curiosity to a stage where it can directly contribute to
solving industrially significant materials science problems, potentially having a major

impact on accelerating R&D and creating new industries.

Strategic Significance & Outlook

This achievement highlights that spin-optical quantum computers are a promising
platform for solving complex quantum problems in materials science. Moving forward,
Quandela and Walrus Computing will likely advance their technology to further scale up
the size of simulatable Fermi-Hubbard systems and apply it to a wider range of quantum
material problems. Furthermore, strengthening the collaboration between laboratory
quantum material synthesis and theoretical predictions from quantum computers is
expected to accelerate the entire material discovery cycle. This technology has the
potential to enable breakthroughs in various fields, including clean energy, healthcare,
and information and communication technology, playing a crucial role in building the
foundation for next-generation technologies vital for the sustainable development of

human society.

Source: #
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#19 Tohoku University AIMR Discovers Fuel Cell
Catalyst Exceeding Commercial Pt/C Performance with
LLM-Experimental Fusion Framework ‘ChatHEA'

Published Published July 08, 2026 ~ RAtLKZF EEMIIEAZTEEE (AIMR)  Japan

| overview

Researchers at Tohoku University's AIMR and an international team have developed
'‘ChatHEA," an innovative Al framework that integrates large language models (LLMs)
with experimental methodologies to accelerate materials discovery. Using ChatHEA,
they identified an FeCoCuPtIr high-entropy alloy (HEA) catalyst for fuel cell oxygen
reduction reactions (ORR) that experimentally outperforms commercial
platinum/carbon (Pt/C). This breakthrough significantly advances clean energy

technology by reducing costs and enhancing fuel cell performance.
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Background

Fuel cells are recognized as a critical clean energy technology for applications ranging
from electric vehicles to stationary power generation. However, their widespread
adoption has been significantly hampered by the high cost associated with expensive
platinum-group metal catalysts, particularly for the oxygen reduction reaction (ORR).
High-entropy alloys (HEAs), which combine multiple elements in high concentrations,
offer a promising alternative due to their potential for superior catalytic activity and
durability, often surpassing traditional alloys. Despite their promise, the vast
compositional space of HEAs necessitates extensive combinatorial exploration, making
traditional trial-and-error discovery methods prohibitively slow. Integrating artificial
intelligence (Al) with experimental approaches, as exemplified by ChatHEA, represents a
new paradigm to dramatically streamline this exploration and accelerate the

development of next-generation catalysts.

Key Findings

The Advanced Institute for Materials Research (AIMR) at Tohoku University, in
collaboration with an international research team, has developed 'ChatHEA," a
groundbreaking cooperative framework that fuses large language models (LLMs) with
experimental methodologies. This innovation has significantly accelerated the discovery
of high-entropy alloy (HEA) catalysts for fuel cell oxygen reduction reactions (ORR).
Through this Al-driven approach, an HEA catalyst with the specific composition
‘FeCoCuPtlr' was experimentally verified to demonstrate superior performance compared
to current commercial platinum/carbon (Pt/C) catalysts. This marks a crucial
breakthrough for reducing costs and enhancing the performance of fuel cells, paving the

way for their broader commercialization.



Technical Details

ChatHEA functions as a specialized Al platform for materials discovery, harnessing LLMs'
natural language processing and generative capabilities. Its workflow operates in a multi-
staged, closed-loop process. Initially, ChatHEA automatically extracts and organizes
critical data—including compositions, synthesis conditions, and performance metrics—
related to existing HEA catalysts from extensive scientific literature, patent repositories,
and materials databases. Subsequently, leveraging this vast knowledge base, it
enumerates promising elemental combinations (e.g., ratios of transition metals and
noble metals) for fuel cell ORR and proposes novel HEA candidates. Human researchers
then validate ChatHEA's proposals, augmenting experimental designs with expert
physicochemical insights. The proposed HEA compositions are then synthesized in the
laboratory, and their ORR activity and durability are rigorously measured in
electrochemical cells. This experimental data is fed back into ChatHEA, enabling the LLM
to refine its predictive models and optimize future proposals in a continuous learning
loop. Through this iterative process, ChatHEA identified the previously unexplored
FeCoCuPtlr composition, which demonstrates higher current density and stability than
conventional Pt/C catalysts, underscoring Al's transformative role beyond data

processing to direct scientific discovery.

Strategic Significance and Outlook

The FeCoCuPtlr catalyst discovered by ChatHEA holds immense potential to accelerate
the commercial viability of fuel cells. The research team will now focus on further
optimizing the catalyst's performance and assessing its scalability to pave the way for
practical application. Furthermore, the ChatHEA framework itself is expected to extend its
applicability to a broader range of catalytic reactions and the discovery of novel
functional materials. By enabling LLMs to act as 'Al-driven research assistants' in scientific
inquiry, the speed and efficiency of R&D can be dramatically improved, accelerating
material innovations essential for realizing a more sustainable and energy-efficient
society. This serves as a successful example of the paradigm of human-Al collaboration

in advanced materials science research.

Source: #
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#20 Argonne National Laboratory Unveils Al-Driven

‘ChemGraph' Framework, Accelerating Materials
Research with LLMs

Published July 07, 2026  Argonne National Laboratory ~ USA

| overview

Argonne National Laboratory has announced 'ChemGraph,' an open-source, Al-driven
framework that automates the setup, execution, and analysis of computational
chemistry and materials science simulations. This system integrates large language
models (LLMs) with graph neural network foundation models and existing simulation
tools, enabling researchers to describe scientific problems in natural language.
ChemGraph is poised to become a powerful tool for accelerating the development of
next-generation energy technologies, including improved engine efficiency, critical

materials extraction, and enhanced battery performance.
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Key Findings

Argonne National Laboratory has unveiled 'ChemGraph,' a groundbreaking open-source,
Al-driven framework designed to accelerate research in computational chemistry and
materials science. At its core, ChemGraph features a Large Language Model (LLM)
interface that allows researchers to describe scientific problems in natural language,
integrating this with graph neural network (GNN) foundation models and a suite of
existing simulation tools. This system automates the setup, execution, and analysis of
computational tasks through an agent-based approach, positioning it as a powerful tool
for accelerating the development of diverse energy technologies, including next-

generation batteries, efficient combustion, and the extraction of critical materials.

Technical / Clinical Details

ChemGraph's central capability lies in its LLM's ability to interpret natural language input
from users (e.g., 'How can | improve the activity of this catalyst?') and translate it into
specific computational workflows within computational chemistry and materials science.
The LLM interacts with various existing tools, such as materials databases, quantum
chemistry software, and molecular dynamics packages. Specifically, ChemGraph

integrates the following functionalities:

e Natural Language Interface: Researchers can communicate their research questions

to the Al in everyday language, without needing to write complex code.

e Agent-Based Automation: The LLM acts as an 'agent,' automating the entire
sequence of selecting appropriate simulation tools, setting parameters, executing

calculations, and analyzing results.

e Graph Neural Network Foundation Models: Material atomic structures and
chemical bonds are represented as graphs, and GNNs are used to predict their
properties or explore design spaces. This enables efficient learning and utilization of

complex relationships between material properties and structure.

¢ Closed-Loop Optimization: Simulation results are fed back into the Al model, which
then proposes the next optimization steps, thereby accelerating the entire material

discovery and design cycle.



This integrated approach allows researchers to rapidly validate more hypotheses and

overcome bottlenecks in materials development.

Background & Context

Advancements in materials science form the bedrock of technological innovation across
all sectors, including energy, environment, and industry. However, the discovery and
development of new materials remain a time-consuming and costly process, heavily
reliant on the expertise of skilled scientists and computational resources. Computational
chemistry, in particular, despite its high accuracy in simulating complex molecular and
material behaviors at the atomic level, has been limited in accessibility due to the
required specialized software and computational infrastructure knowledge. Al-driven
platforms like ChemGraph facilitate the 'democratization of computational chemistry,’
enabling a broader community of researchers to easily utilize advanced simulation tools
and dramatically boosting productivity in materials research. This represents a significant

strategic investment for the US to lead globally in clean energy technologies.

Strategic Significance & Outlook

The announcement of ChemGraph indicates that Al is evolving from a mere auxiliary tool
into an autonomous research partner in the scientific discovery process. Argonne
National Laboratory is releasing ChemGraph as open-source, encouraging wide
utilization and contributions from the broader research community. Future
developments will likely involve extending its application to more diverse scientific
domains and computational tools, enhancing its robustness, and developing more
sophisticated agent functionalities. This is expected to accelerate breakthroughs in
specific application areas such, as lifecycle prediction for battery materials, design of
high-efficiency catalysts for CO2 separation and conversion, and discovery of rare-earth
alternative materials. ChemGraph is poised to play a central role in reshaping materials

science research in the Al era.

Source: https://www.anl.gov/article/argonne-teams-chemgraph-unlocks-ai-for-chemistry-and-materials-

science
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#21 University at Buffalo Develops Millisecond-Scale
Nanoparticle Catalyst Synthesis Method, Targets
Automated Al-Integrated Development

Published July 07, 2026  University at Buffalo (UB) USA
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| overview

Researchers at the University at Buffalo have unveiled a novel method for rapidly
creating advanced catalyst materials by uniformly combining multiple metals into
nanoparticles in milliseconds. This single-stage process accelerates the discovery of
new catalysts for energy and electronic applications. The team aims to automate
catalyst development by integrating this method with advanced modeling, rapid
screening techniques, and Al, promising a dramatic increase in material discovery

efficiency.
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Key Findings

A research team at the University at Buffalo (UB) has announced a groundbreaking new
method for rapidly creating advanced nanoparticle catalyst materials. This single-step
process enables the uniform combination of multiple different metals into nanoparticles
in just milliseconds, dramatically accelerating the discovery process for new catalyst
materials tailored for energy and electronic applications. This technology significantly
enhances the efficiency and versatility of material synthesis compared to conventional,

complex multi-stage synthesis methods.

Technical / Clinical Details

The newly developed method overcomes the temporal and technical constraints of
traditional nanoparticle synthesis by combining a unique microreactor technology with
rapid chemical reaction conditions. Specifically, precursor solutions are instantaneously
mixed under controlled conditions and then thermally or chemically triggered. This leads
to the simultaneous reduction of multiple metal ions, forming composite metal
nanoparticles with uniform size and composition on a millisecond timescale. This rapid
'in-situ’ synthesis allows for precise control over the nanoparticle growth process,
efficiently yielding multi-component nanoparticles with desired catalytic activity.
Traditional synthesis methods often require individual synthesis of each metal, followed
by complex compounding processes. This single-stage approach drastically reduces both
effort and time. The research team has successfully synthesized highly active noble and
non-noble metal-based catalyst nanoparticles using this method, applicable in fuel cells,
solar cells, and sensors. The produced nanoparticles exhibit high surface area and

uniform compositional distribution, confirming their excellent catalytic performance.



Background & Context

Highly efficient catalyst materials are indispensable for solving many critical challenges in
modern society, including clean energy production (e.g., hydrogen generation, fuel cells),
optimization of chemical processes, and removal of environmental pollutants.
Nanoparticle catalysts are known to exhibit superior catalytic activity compared to bulk
materials due to their high surface area and unique quantum effects. However, the
efficient and controlled synthesis of multi-component nanoparticles with complex
compositions has been a long-standing challenge. It is particularly difficult to uniformly
mix multiple metals and control their structure at the nanoscale. The UB research
significantly addresses this synthesis bottleneck, enabling the exploration and
development of a wider range of catalyst materials. This is expected to lead to a
reduction in noble metal usage and the realization of high-performance catalysts using

cheaper and more abundant elements.

Strategic Significance & Outlook

The UB research team plans to further develop this new method for nanoparticle
generation, aiming in the future to automate the entire catalyst development process by
combining it with advanced modeling, rapid screening techniques, and artificial
intelligence (Al). By building a 'closed-loop' material discovery system where Al predicts
optimal compositions and synthesis conditions, and automated experimental systems
validate them, the speed and efficiency of catalyst development can be dramatically
increased. This is expected to accelerate material innovation for new energy conversion
technologies and electronic devices, contributing significantly to the realization of a
sustainable society. This technology holds the potential to bring substantial benefits to
society from multiple perspectives, including improved chemical reaction efficiency,

effective resource utilization, and reduced environmental impact.

Source: https://www.buffalo.edu/news.host.html/content/shared/university/news/ub-reporter-

articles/stories/2026/07/swihart-catalyst-materials.detail.html
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#22 Japan Accelerates Semiconductor Industry
Reconstruction for Al Era, Driven by Micron Hiroshima
Investment and Major Material Manufacturer
Expansion

Published July 06, 2026 MK Japan

| overview

Japan is reportedly accelerating the reconstruction of its semiconductor industry,
targeting the Al era. Leveraging its world-class competitiveness in semiconductor
materials, components, and equipment, Japan aims to regain its former status as a
semiconductor powerhouse. Notable developments include major investments by US-
based Micron in Hiroshima and increased production capacity from key Japanese
material companies like Shin-Etsu Chemical and SUMCO, highlighting Japan's re-

emerging importance in the supply chain.
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Key Findings

Japan is accelerating a fundamental reconstruction of its semiconductor industry,
envisioning an era where artificial intelligence (Al) forms the bedrock of society. This
initiative leverages Japan's long-cultivated world-class competitiveness in semiconductor
materials, components, and manufacturing equipment, aiming to reclaim its former
position as a semiconductor powerhouse. Significant drivers of this reconstruction
include major investments by the leading U.S. semiconductor manufacturer Micron in
Hiroshima, and increased production capacity from key Japanese material companies
such as Shin-Etsu Chemical and SUMCO.

Technical / Clinical Details

Al semiconductors demand advanced performance and stability distinct from
conventional semiconductors. This necessitates ultra-high purity materials for
manufacturing highly miniaturized circuits with high reliability, as well as extremely
precise manufacturing equipment. Japanese companies hold significant global market
shares in these niche areas, possessing overwhelming competitiveness in products like
silicon wafers, photoresists, high-purity gases, and target materials. The current
reconstruction strategy centers on further strengthening these advantages and
expanding the supply capacity of essential materials and equipment required for
advanced semiconductor manufacturing. Micron's state-of-the-art DRAM manufacturing
technology, introduced at its Hiroshima plant, heavily relies on high-performance
materials and precision equipment supplied by the Japanese supply chain, which in turn
stimulates new investments and increased production from Japanese material
companies. Specifically, Shin-Etsu Chemical and SUMCO are enhancing their production
of silicon wafers for high-performance memory, such as High Bandwidth Memory (HBM),

which is crucial for generative Al data processing.



Background & Context

Japan, once a global leader in the semiconductor industry, saw its position partially
erode after the 1990s due to intensifying international competition. However, against the
backdrop of the U.S.-China semiconductor rivalry and rising geopolitical risks in supply
chains, as nations move to bolster domestic semiconductor production capabilities,
Japan is re-recognizing its 'hidden strengths' (materials, equipment) and pursuing the
revitalization of its semiconductor industry as a national strategy. The rapid advancement
of Al technology has dramatically escalated the demand for high-performance
semiconductors, presenting a new growth opportunity for Japan. From an economic
security perspective, the government prioritizes strengthening the semiconductor supply
chain and aims to bolster Japan's entire semiconductor ecosystem through investment

support for domestic and international companies.

Strategic Significance & Outlook

The reconstruction of Japan's semiconductor industry not only signifies a comeback but
also aims to build the foundation for technological innovation in the Al era. Micron's
substantial investment in the Hiroshima plant provides opportunities for technological
innovation and enhanced international competitiveness for Japan's semiconductor
material and equipment industries. Moving forward, Japan will further drive the
development of high-functional materials and precision processing technologies
indispensable for Al semiconductor manufacturing, establishing its position as an
essential partner for semiconductor manufacturers worldwide. This movement is
expected to contribute not only to Japan's economic growth but also to the stabilization
of global technology supply chains, playing a critical role in shaping the future society

enabled by Al technology.

Source: #
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#23 Japan's Kao and Ajinomoto Boost Semiconductor
Material Production Amid Surging Al Chip Demand,
Strengthening ABF and High-Purity Cleaner Supply

Published July 09, 2026  Lanceum (Nikkei Asia report) Japan

| overview

Japanese consumer brands Kao and Ajinomoto are reportedly ramping up
semiconductor material production to meet the surging demand for Al chips.
Ajinomoto is increasing its production capacity for ABF (Ajinomoto Build-up Film), a
critical substrate insulating material used in nearly all high-performance processors,
while Kao is boosting its supply of high-purity cleaning agents. This move highlights
Japanese companies' indispensable role as crucial, underlying supporters within the

global Al supply chain.
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Key Findings

Leading Japanese consumer goods manufacturers, Kao and Ajinomoto, are reportedly
significantly strengthening their semiconductor material production systems to meet the
rapidly increasing demand for Al chips. Ajinomoto is expanding its production capacity
for ABF (Ajinomoto Build-up Film), a critical substrate insulating material essential for
almost all high-performance processors, thereby stabilizing its supply. Meanwhile, Kao is
increasing the supply of high-purity cleaning agents, which are indispensable in
semiconductor manufacturing processes. This strategic move clearly demonstrates the
technically crucial role Japanese companies play in the global semiconductor supply

chain during the Al era.

Technical / Clinical Details

Al chips, particularly advanced processors like GPUs and high-performance CPUs, require
denser wiring and superior heat dissipation compared to conventional chips.
Ajinomoto's ABF is used as an insulating layer in multi-layer semiconductor packages,
enabling fine wiring and suppressing thermal expansion, making it adopted in almost all
high-performance processors. To meet the surging demand for Al chips, the company is
significantly expanding its ABF supply capacity through production line expansions and
the construction of new factories. Furthermore, Kao's high-purity cleaning agents are
essential for removing minute impurities and particles during the semiconductor
manufacturing process. As chip performance and miniaturization advance, the
importance of the cleaning process increases. Kao is leveraging its unique chemical
technologies to develop more precise and environmentally friendly cleaning agents and
to strengthen its supply system. These materials directly impact the reliability,
performance, and production yield of Al chips, making their stable supply crucial for the

stable operation of the entire semiconductor industry.



Background & Context

In recent years, the explosive proliferation of generative Al has led to a global surge in
demand for high-performance semiconductor chips specialized for Al training and
inference. Consequently, the supply chain for materials and equipment necessary for
semiconductor manufacturing is facing significant pressure. Japan boasts world-class
technology and market share in semiconductor manufacturing equipment, high-
functional materials, and components, serving as a cornerstone of the global supply
chain, often referred to as the 'unsung hero' of the semiconductor industry. The fact that
consumer goods manufacturers like Kao and Ajinomoto, which might seem distantly
related to semiconductors, have become indispensable players in the semiconductor
material market by leveraging their chemical expertise, demonstrates the unique
structure and strengths of Japanese industry. This increased production capacity is also
critically important from the perspective of Japan's economic security, contributing to

the stabilization of the international semiconductor supply chain.

Strategic Significance & Outlook

The increased production of semiconductor materials by Kao and Ajinomoto will support
the stable supply of Al chips, thereby enabling further evolution and proliferation of Al
technology. Moving forward, both companies are expected to develop even more
innovative material solutions in line with trends such as higher performance, lower power
consumption, and miniaturization of Al chips. Furthermore, the Japanese government is
also advocating for a robust semiconductor supply chain as a national strategy, and the
efforts of these companies are crucial for Japan's semiconductor industry to once again
exert global leadership in the Al era. This movement is expected to contribute not only
to Japan's economic growth but also to further enhance Japan's presence in global

technological competition.

Source: #

Collected: July 10, 2026 | Automated Research System (Gemini API)



#24 LG Al Research Unveils LLM ‘EXAONE Discovery,'
Showcases Real-World Application in New Hair Growth
Ingredient and Immersion Coolant Discovery at ICML
2026

Published July 08, 2026 LG Al Research (via Korea JoongAng Daily)  South Korea

| overview

LG Al Research showcased 'EXAONE Discovery,' an industrial Al application powered
by its EXAONE LLM, at ICML 2026, highlighting real-world applications. EXAONE
Discovery is an Al platform that extracts molecular structures from scientific papers
and proposes new candidate compounds in response to researcher queries. It has
successfully led to the discovery of a new hair growth ingredient, 'Rhamsydil,' and
immersion coolants for Al data centers, demonstrating its potential to dramatically

accelerate R&D across cosmetics, batteries, semiconductors, and drug discovery.
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Key Findings

At ICML 2026 (International Conference on Machine Learning 2026), LG Al Research
unveiled 'EXAONE Discovery,' an industrial Al application built upon its Large Language
Model (LLM) 'EXAONE," showcasing its groundbreaking real-world applications. EXAONE
Discovery is an Al platform designed to automatically extract molecular structures from
scientific papers and propose new candidate compounds in response to complex
researcher queries. The system has already yielded tangible results, successfully
discovering a new hair growth ingredient named 'Rhamsydil' and identifying an
immersion coolant for optimizing Al data center efficiency. This platform holds the
potential to dramatically accelerate R&D across diverse fields, including cosmetics,

batteries, semiconductor materials, and novel drug candidates.

Technical / Clinical Details

The core of EXAONE Discovery lies in the EXAONE LLM's vast scientific knowledge
comprehension and reasoning capabilities. This LLM analyzes unstructured data (text,
figures, tables, etc.) related to materials science, chemistry, and biology from global
scientific literature and databases, extracting highly accurate information on molecular
structures, reaction conditions, and properties. When researchers are seeking materials
or molecules with specific functionalities (e.g., hair growth effects, high thermal
conductivity), EXAONE Discovery designs and proposes novel molecular structures
previously unknown, based on its existing knowledge base and learned patterns. For
instance, in the discovery of the new hair growth ingredient Rhamsydil, the LLM
identified molecules with specific structural features that could influence hair growth-
related biological pathways from a multitude of candidates. Similarly, for the immersion
coolant for Al data centers, the LLM proposed optimal liquid compositions by
considering multiple physicochemical properties such as thermal conductivity, electrical
insulation, and stability. These candidates subsequently underwent laboratory synthesis
and validation processes to confirm their efficacy. EXAONE Discovery efficiently facilitates
this 'prediction -> synthesis -> validation -> learning' closed-loop cycle, significantly

shortening the material discovery timeline.



Background & Context

The development of new materials and drugs is a critical driver of technological
innovation and economic growth in modern society. However, traditional R&D processes
have historically been challenged by their high time, cost, and resource requirements,
coupled with low success rates. Molecular design and material optimization, in particular,
necessitate exploring a vast chemical space, which is often beyond the limits of human
expert knowledge alone. Recent advancements in generative Al, especially LLMs, are
beginning to provide powerful solutions to this challenge. LG Al Research's EXAONE
Discovery stands at the forefront of such Al-driven material discovery, aiming to
accelerate competitiveness and innovation by resolving R&D bottlenecks across various
industrial sectors. This technology will be an indispensable tool for further enhancing the
international competitiveness of industries where South Korea excels, such as batteries,

displays, and semiconductors.

Strategic Significance & Outlook

While EXAONE Discovery is still in its early stages of deployment, its practical
applications demonstrate how powerful LLMs can be in industrial settings. LG Al
Research aims to further expand the platform's capabilities to address more complex
material design challenges and multi-objective optimization problems. Additionally,
through collaborations with more companies and research institutions, they plan to
broaden its application scope and foster industry-wide innovation. This Al-driven
discovery system is expected to play a crucial role in solving various societal challenges,
including the development of new cosmetic products, performance enhancement of
next-generation batteries, creation of innovative semiconductor materials, and even the

discovery of new drug candidates for intractable diseases.

Source: https://www.koreatimes.co.kr/amp/business/tech-science/20260708/lg-ai-research-showcases-

real-world-exaone-ai-applications-at-icml-2026
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#25 India and Japan Announce $69 Billion Al and
Semiconductor Investment, Strengthening
International Partnership for Supply Chain Resilience

Published July 07, 2026  Trax Technologies International (India/Japan)

| overview

India and Japan are reportedly strengthening their technology partnership, targeting
a massive $69 billion investment in Al and semiconductors. This strategic alliance aims
for both nations to build more resilient, domestically rooted technology supply
chains, reducing single-region dependency for critical components. The move is
crucial for both, as Japan seeks to expand its strengths in advanced chip materials
and precision manufacturing, while India aims to become a key player in global chip

production and Al development.
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Key Findings

India and Japan are reportedly significantly strengthening their technology partnership,
aiming for a colossal combined investment of $69 billion in the artificial intelligence (Al)
and semiconductor sectors. This strategic alliance is designed to enable both nations to
build robust, domestically rooted technology supply chains and reduce excessive
reliance on specific regions for critical components and technologies. Japan seeks to
further expand its existing strengths in advanced chip materials and precision
manufacturing, while India aims to play a central role in global semiconductor

production and Al development.

Technical / Clinical Details

This $69 billion investment is primarily earmarked for the construction of semiconductor
manufacturing facilities, enhancement of R&D activities, joint development of Al
technologies, and the cultivation of a skilled workforce. Japan will further bolster its
global leadership in semiconductor materials (e.g., photoresists, high-purity gases, silicon
wafers), manufacturing equipment, and precision processing technologies, accelerating
technology transfer and investment into India's semiconductor ecosystem. India,
leveraging its vast domestic market, abundant engineering talent, and strong
government support, aims to build capabilities in semiconductor design, packaging, and
eventually, manufacturing. In the Al sector, both countries will accelerate innovation in
advanced Al technologies through joint development of Al chips, establishment of Al
research centers, and cooperation on Al ethics and governance. This collaboration will
construct a more diversified and resilient supply chain, reducing reliance on a single

nation and enhancing resistance to geopolitical risks.



Background & Context

In recent years, semiconductors have become geopolitical strategic goods. Following the
escalation of the U.S.-China rivalry and supply chain disruptions caused by the COVID-19
pandemic, nations are urgently prioritizing strengthening their domestic semiconductor
production capabilities and diversifying supply chains. The rapid advancement of Al
technology has exponentially increased the demand for high-performance
semiconductors, further intensifying inter-state competition. India, as the world's largest
democracy, aims for digital economic development and technological self-reliance, while
Japan is pursuing the reconstruction of its semiconductor industry and enhancement of
economic security. The convergence of these national interests has led to this large-scale
technology partnership. This alliance extends beyond mere economic cooperation,

holding strategic implications for the stability and prosperity of the Indo-Pacific region.

Strategic Significance & Outlook

This substantial investment and cooperative relationship between India and Japan in the
Al and semiconductor sectors will serve as a crucial milestone in the reorganization of
global technology supply chains. Moving forward, both nations are expected to deepen
their cooperation across various stages of semiconductor manufacturing and broaden
the application of Al technology, thereby further accelerating innovation. The fusion of
Japan's advanced material technologies with India's software and engineering talent
holds the potential for new breakthroughs. This resilient supply chain is expected to
stabilize the foundation of future digital societies and play an indispensable role in

delivering the transformative power of Al technology to a broader population.

Source: #
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#26 LLMs and Autonomous Labs Revolutionize

Materials Discovery, Accelerating Design with
Foundational MLIPs and Generative Al

Published July 06, 2026  Chemistry Reviews  Unknown

| overview

This comprehensive review highlights how Al is transforming materials science, with
Large Language Models (LLMs) now extracting knowledge and generating simulation
workflows. Machine Learning Interatomic Potentials (MLIPs) offer quantum-level
accuracy at unprecedented speeds for atomic simulations, while autonomous labs
accelerate experimental cycles. Generative Al is pivotal for inverse design, proposing

novel materials that meet specific functional requirements.
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Key Findings: Al Accelerates Materials Discovery and Design Multi-

Dimensionally

Artificial Intelligence (Al) is dramatically reshaping data-driven discovery and functional
applications in materials science. Notably, Large Language Models (LLMs) are
demonstrating their capability in extracting knowledge from vast scientific literature and
automatically generating simulation workflows, enabling researchers to leverage
materials data at an unprecedented pace. This resolves materials knowledge bottlenecks

and significantly enhances efficiency in the early stages of research.

Technical & Clinical Details: Evolution of MLIPs, Autonomous Experimentation,

and Generative Al

Machine Learning Interatomic Potentials (MLIPs) have drastically improved
computational speed in atomic-scale simulations while maintaining accuracy comparable
to quantum mechanics. This breakthrough enables large-scale molecular dynamics
simulations previously deemed impossible, leading to a significant leap in predicting the
stability and dynamic behavior of new materials. Concurrently, Al-integrated
autonomous experimental systems, or "self-driving labs," automate the entire process of
material synthesis, characterization, and data analysis, reducing experimental cycles to a
fraction of traditional methods. This allows for efficient discovery of materials with
targeted properties by optimizing composition and process conditions without human
intervention. Furthermore, generative Al models possess the capability for inverse
design, proposing entirely new candidate materials that meet specific functional
requirements, thereby dramatically expanding the search space beyond existing

databases.



Background & Industry Context: Transition to Data-Driven Approaches

Traditional materials discovery heavily relied on trial-and-error, guided by experience and
intuition, resulting in time-consuming and inefficient processes. However, the rapid
advancement of data science and Al technologies over the past decade has ushered in a
significant shift towards data-driven approaches in materials science. This transition has
been fueled by the accumulation of vast computational, experimental, and literature
data, enabling Al models to learn hidden patterns and correlations for predicting and
controlling material behavior. Especially as climate change and resource depletion
become pressing global issues, the rapid development of sustainable and high-

performance materials is critical, making Al an indispensable tool for these solutions.

Strategic Significance & Outlook: MatSciAgent and Foundational MLIPs

Looking ahead, multimodal LLMs, such as "MatSciAgent," are expected to become the
next generation of Al research platforms in materials science. These systems will process
diverse information, including text, images, and structural data, to enable more advanced
reasoning and decision-making. Moreover, "Foundational Interatomic-Potential
Frameworks," pre-trained on massive datasets, will establish the basis for versatile MLIPs
applicable across a wide range of material systems through fine-tuning for specific
applications. These technologies are poised to accelerate innovation across the entire
value chain, from material design to manufacturing, contributing to the creation of

sustainable and high-performance materials for the future.
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